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This document is intended to give an overview of the requirements for the demonstrators
in the value chain Digital Society. The requirements describe constraints for edge ai
solutions that deal with low information IoT event processing, classification of time-series
of vector signals, and object segmentation in video.

2 Non-publishable summary

NA.

3 Introduction and Scope

3.1 Purpose and target group

This report covers the implementation of the proposed requirements framework (D1.1)
for the demonstrators in the Digital Society value chain. It comprises functional and non-
functional requirements, terminology, and relevant standards. The purpose of this
document is to provide a scope for the edge ai technologies to be developed by providing
clear and challenging targets. This document can be a guideline for the technology
providers.

3.2 Contributions of partners

All partners within the value chain (VC5) took an active role in defining the applications
and the necessary requirements. TECHNO took the lead defining the requirements for the
machine demonstrator, SIG took the lead for defining the requirements for human activity
recognition, and TUE led the discussions around requirements for shared spaces for
humans and robots. NXP-NL and ALMENDE actively supported the discussions and made
valuable contributions.

Table 3-1 briefly explains which partner were involved and their activities in their various
chapters.

Table 3-1: Partner contribution

Chapter | Partner Contribution

All SIG SIG is the project coordinator and leading the value chain VC5 and the
demonstrator VCD5.2 work. In T1.6/D1.6 SIG addressed the analysis of
edge Al applications developed in the VC5 demonstrators and worked
with the partners in the value chain to define the requirements and
specifications including the KPIs and measures for validation.

This document and the information contained may not be copied, used, or disclosed, entirely or partially, outside of the
EdgeAl KDT JU project consortium without prior permission of the beneficiaries in written form.
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All NXP-NL NXP-NL derived high level (non)functional requirements for multi-
objective optimization solutions in the context of the use cases of the
value chain and more generic loT, Mobile Robotics and Automotive use-
cases. In addition, functional requirements for disruptive TinyML
system(s) based on local interpretation of multisensory signals like
sound, temperature, humidity, odours (e-nose), IR light, etc. (selection
to be aligned with other consortium partners).

All SIG SIG contributed to the identification of challenges and requirements for
the Digital Society VC, in particular the indoor office and home settings.
Comfort (e.g. security) and productivity in balance with energy efficiency
and facility management, where Signify focusses on the role of lighting
systems.

All TECHNO TECHNO investigated the requirements for correlation and co-
ordination across multiple sensors integrated at a single endpoint for
the purpose of inferring developing real world conditions over time.
Requirements for the data to be sensed will be defined and
consideration will be given to the types of data originating from each
sensor, its correlation with other data and the characteristics of noise
and interfering sources. System level considerations of
communications, data retention and how the sensor will integrate with
existing processes and practices will also be accommodated, along with
assessment of the performance profile of the sensor (e.g,
consequences of failure etc.)

All ALMENDE | ALMENDE worked on the requirements and specification for human
activity tracking applications in the edge including BLE sensors,
Crownstone far edge nodes, and hub devices. Trust and Privacy will be
included in the requirements.

All TUE TUE supported the detailing of the requirements and the specifications
of the NL Digital Society demonstrators together with its industry
partners. TUE will focus on the role of its enabling technologies.

3.3 Relation to other activities in the project

Deliverable D1.6 is based on the work done in task T1.6 and addresses an analysis of
requirements and specification for EdgeAl in the domain of the digital society (VC5) based
on the common factors elaborated in task T1.1. An analysis of typical edge Al applications
is conducted before requirements and specifications (KPIs and measures) for the
demonstrators are defined on application level. The analysis leads to requirements for
the technologies to be developed in work packages Edge Al architecture and system
design, Al-based circuits and modules, design, edge-ai framework development, and the
vertical integration of technologies in applications. Finally, the resulting performance of
the developments can be benchmarked (WP6). As an example, in these work packages,
there will be strong impact on WP2 Methods and Toolkit Design, and the horizontal
enabling technology Tasks T4.1 Toolchains and T4.3 Optimization techniques. Concluding,

This document and the information contained may not be copied, used, or disclosed, entirely or partially, outside of the
EdgeAl KDT JU project consortium without prior permission of the beneficiaries in written form.
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4 VC5 Digital Society

4.1 Value chain overview

The digital society sector is covered by value chain VC5 in the project. Digital society
requires the closer integration of technological systems and human users. This requires
those systems to accurately interpret real world stimuli, inferring activity and intention.
Such stimuli are poorly differentiated, indistinct, and contradictory. Al's promise is to
provide interpretation of stimuli in these situations that cannot be adequately modelled
in the traditional way, thus allowing reactive processes to be better informed and enabling
a closer integration of humans and digital infrastructure.

4.2 Value chain objectives

This VC will advance Al's ability to provide high quality situational information for the
purpose of triggering autonomous responses. Three sensed environments are
considered: an industrial machine room, a home/office environment, and a robotized
manufacturing environment. Information for these UC's must be accurate, noise free and
timely. It must also continue to be available in the face of partial system failure (certain
sensors becoming unavailable or occluded etc.) and must fail safely, such that user safety
is not compromised. The UC's reflect underlying situations that justify an autonomous
response. Such triggering Al will typically be working for long periods of time with no
positive output; they maintain a ‘watching brief’ over the situation and wait for
circumstances to arise that they should respond to. They must therefore consume very
little power, be capable of autonomous operation in a disconnected situation where
supporting resources may only be intermittently, or expensively, available, and should
adapt to the environment, optimizing their actions over time by learning the best strategy.
The objectives of this VC are:

e Prototype and deploy a low-energy Al accelerated loT platforms with design
guidelines for tiny neural networks for timeseries classification.

e Enable plug-and-play operation, upgradeability, diagnostics, and prognostics by
the inference node.

e Show ability to deal with a large variability of sensor-data, both stand-alone and
through sensor-fusion

e Prototype novel methods for designing and optimizing efficient neural networks
tailored to the edge-node; by automated design, continual self-supervised,
unsupervised, on-line and transfer- learning.

This document and the information contained may not be copied, used, or disclosed, entirely or partially, outside of the
EdgeAl KDT JU project consortium without prior permission of the beneficiaries in written form.
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The VC5 is focused on research topics delivering demonstrators in the field of digital
society, and three demonstrators are aligned with VC5 and its objectives.
4.3 Value chain structure and demonstrators

The VC5 structure and the list of demonstrators are presented in Table 4-1.

Table 4-1 VC5 Digital society structure and list of demonstrators

VC5 Digital Society
Al and edge processing technologies

Al Technologies: Neural Architecture Search, Bayesian Optimization, Multi-Objective-
Optimization, Quantization, Supervised Learning, Self-supervised learning, Federated Learning,
On-line Learning

Al Frameworks and Libraries: TensorFlow, PyTorch, TensorflowlLite, TensorflowLite for Micro,
Keras, RayTune

Toolchains: elQ, elQ Auto, DevOps implications to toolchains e.g., Puppet

Edge Processing: micro (MCU), deep (Hybrid processing units), meta (On-premises Server)
HWY/SW Platforms: NXP current & next generation i.MX platforms, Neuromorphic Modules, STM
32, Nordic, Crownstone HW with BlueNet (to be followed up with ZephyrOS), FlowCube, NVIDIA
Jetson

Data: Time-series-based sensor data (e.g., audio, temperature, vibration, power-consumption,
series for particulate data), vision-based camera data (high-resolution), IR-based camera data (low-
resolution), spectrum & reflection-based radar data.

5.1 |Machine Room TECHNO, NXP-NL, TUE
59 Human Activity Inference in| SIG, ALMENDE, TUE, NXP- -
" | Office/Home/Industrial Facilities NL
53 Shared Human and Robot Operating TUE, NXP-NL, TECHNO
Spaces
Optimization techniques for efficient
-ET NXP-NL, TECHNQ, SI
> NN deployment on the edge , TECHNO, SIG

5 Machine Room (VCD5.1)

5.1 Demonstrator description

Modern machine rooms are unstaffed and represent business-critical infrastructure, well
monitored for catastrophic events (fire, incursion, flood etc.). Yet, prognostic monitoring
is much more limited, mostly due to false positives reducing the value of alert events. As
an extension to the state of the art (SoA), EdgeAl will identify emerging problems at an
early stage, identifying and localizing early indications of pending failure at the edge. VCD
5.1 aims to showcase in a real-world environment that prognostic monitoring of
infrastructure is a realistic proposition, with largely decreased prevalence of false
positives. This use case will utilize audio and other low data rate sources with time
constants in the order of hours. The original intention was to experimentally deploy such

This document and the information contained may not be copied, used, or disclosed, entirely or partially, outside of the
EdgeAl KDT JU project consortium without prior permission of the beneficiaries in written form.
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opportunities for the technology have become apparent so it is possible that the actual
deployment environment will change to one that is closer to market, while still respecting
the core objectives of the program. Those core characteristics are the low information
rate, single detection location, long term trend detection, low security/privacy concerns,
fixed reference frame and multiple disjoint sensors.

5.2 Demonstrator objectives and KPIs

The overall EdgeAl project objectives addressed in VCD 5.1 are presented in Table 5-1

below. Note that in this document the world ‘Audio’ that was used in earlier
documentation has been replaced with ‘Signal’ in the first objective target value to better

reflect the range of data sources that may be possible.

Table 5-1 VCD5.1 Objectives and KPIs

Demonstrator Objectives KPI Target Value
Demonstrate  low  energy LOW-Ienetrggj/ IAIT- One new platform with SoA
. . accelerate o .- .
platform  for  information efficient ~ Signal and Al

platform with field

extraction applicable to the
UC. {01} {03}

proven deployment.
{KPI5.1}

processing with results from
field deployment.

Remote Al node
performing

continual inference
in a "watching brief"
over multiple data

sources. {KPIl 5.2}

Develop competence in
information extraction from
slow changing time series
data. Prototype techniques to
extract information via the
fusion of data from multiple
disjoint sensors. {04}

One remote node
implementation taking data
from at least two sensor sources
to perform failure prediction
inference at the edge.

5.3 Demonstrator system level architecture and edge Al design workflow

The overall concept of the demonstrator is illustrated in Figure 5-1.

This document and the information contained may not be copied, used, or disclosed, entirely or partially, outside of the
EdgeAl KDT JU project consortium without prior permission of the beneficiaries in written form.
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Figure 5-1 Machine Room Sensing Infrastructure

Within this system architecture the sensed data are collected at the micro-edge and
processed locally in the deep-edge to remove ‘business as usual’ sensed information.
Those are of no interest and represent the system operating correctly.

Some data are reflected to the meta-edge where they are cross-correlated with other
sensed data that are collected from the same physical environment. Which data are
reflected to this level and under what conditions is for study, as is the mechanism by which
temporal relationships can be identified and managed.

A single meta-edge device reflects the results of this computation to the Back End
Reporting and Alerting System. The vast majority of the reports to this system will be
‘Nothing to report’ so mechanisms will be developed that minimise the redundant data
transfer while still retaining useful information from these reports. The Back End System
is also responsible for co-ordinating between multiple locations to infer higher level
problems (e.g. flooding in a locality) that affects multiple locations.

5.4 Edge Al Hardware accelerators, modules, and platforms

There is strong expectation that Al will be employed at either the Micro or deep-edge to
filter time series data and remove useless reports which have no diagnostic value.
Mechanisms will need to be provided to, on an exception basis, report these data to the
Back End system via the meta-edge to aid in diagnostics and algorithm development.
These Als will need to be lightweight and low power as the capability of these micro-edge

This document and the information contained may not be copied, used, or disclosed, entirely or partially, outside of the
EdgeAl KDT JU project consortium without prior permission of the beneficiaries in written form.
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5.5 Software building blocks, modules, and edge Al-based algorithms

Conventional embedded software exploiting low power techniques to collect data from a
variety of sensors will be required at the micro-edge. Data collected from these sensors
will be held locally and processed by a lightweight Al to identify when an exception
condition is occurring. For the case there is no exception condition the micro-edge reports
to the deep-edge that everything is nominal. For these case that there is an exception the
micro-edge reports this to the deep-edge, optionally with supporting data to validate its
decision.

Alongside this operational software management software will also be required for
lifecycle maintenance of the deep-edge covering bring into service (BIS), management of
service (MOS) and bring out of service (BOS) in a safe, secure, and reliable manner.

At the deep-edge the data from multiple sensors are correlated and used to infer issues
that should be reported to the meta-edge. These inferences may be created by an Al or
conventional software. That is for further study. In addition to this line of business code
additional software shall be required for BIS/MOS/BOS of the deep-edge itself and to pass
through BIS/MOS/BOS activities to the micro-edge device.

At the meta-edge data from multiple deep-edge devices are correlated to identify if there
is a real-world exception condition to be reported to Back End systems. BIS/MOS/BOS for
itself and all downstream devices is also required at the meta-edge.

5.6 Edge Al framework, methods, and techniques

Edge Al techniques and technologies will at least be required at the micro-edge to filter
the raw data. The expectation at the present time is that this will use the NXP elQ
EdgeVerse tooling on IMXRT CPUs. IMX8MP and IMX9x processors are expected to be
used at the deep and meta-edge. These also support the elQ tooling on the embedded
NPU or, optionally, on the graphics processor.

5.7 Edge Al training implementation and datasets

The means and mechanisms for Al training implementation are not yet known but will be
on stand-alone systems using previously sensed data. These data are already being
collected using established technologies in several representative target environments.
The means of creating data sets expressing errors is for study.

This document and the information contained may not be copied, used, or disclosed, entirely or partially, outside of the
EdgeAl KDT JU project consortium without prior permission of the beneficiaries in written form.
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5.8 Edge Al inference implementation

Inference will be performed on the various edge devices using NXP provided libraries. At

the micro-edge inference is expected to take place continually with batched inference at

the deep and meta-edge.

5.9 Non-functional requirements

The mandatory non-functional requirements (NFRs) mostly relate to the overall
performance of the system.

Table 5-2: NFRs, KPIs and Measures for VCD5.1 - Timeliness

NFR-1 Timeliness

ID EdgeAl_VC5_D1_NFR-1
Name Timeliness

- Delay in reporting that an exception limit has been exceeded and that an
Definition elay In reporting * xception fimi X

intervention is required.
o Delay between an exception condition being recognised based on objective

Description

observation and the system detecting that an exception is in progress.

What is measured:

Time delay as a percentage of time required for the exception to become
service affecting. Expressed as a percentage.

KPI

KPI 5.1

Method of collection
and measurement

Experimentation. Condition is gradually increased until it goes out of
tolerance. The delay between it going out of tolerance and being recognised
as such is recorded.

Target Value <50%
Verific§tion and Experimentation.
validation method
Table 5-3: NFRs, KPIs and Measures for VCD5.1 - Data Sources

NFR-2 Data Sources
ID EdgeAl_VC5_D1_NFR-2
Name Data Sources
Definition Number of sources the micro-edge can accommodate
Description Multiple sensed data sources may be used to infer that an exception has been

reached. A certain minimum number of such sources shall be accommodated.

What is measured:

Number of data sources

KPI

KPI15.1

Method of collection
and measurement

Assessment of completed system

Target Value

>=)

This document and the information contained may not be copied, used, or disclosed, entirely or partially, outside of the
EdgeAl KDT JU project consortium without prior permission of the beneficiaries in written form.
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Verification and

validation method

Observation

Table 5-4: NFRs, KPIs and Measures for VCD5.1 - Power Consumption

NFR-3 Power Consumption
ID EdgeAl_VC5_D1_NFR-3
Name Power Consumption
Definition Sum of power consumption of micro, deep and meta-edge devices.
Power consumption is a critical factor in system monitoring. It is essential that
Description it is minimised, even for devices which are connected to external power

sources.

What is measured:

Sum of power consumption of all edge devices.

KPI

KPI15.1

Method of collection
and measurement

Extended measurement of edge devices in experimental deployment.

Target Value

<50W on average.

Verification and

validation method

Experimental Assessment

5.10 Functional requirements

The functional requirements (FRs) relate to the way in which the system responds to

exception events.

Table 5-5:

FRs, KPIs and Measures for VCD5.1 - False Positives

FR-1 False Positives
ID EdgeAl_VC5_D1_FR-1
Name False Positives
Definition (Bad Alerts / Total Alerts) *100, reported as a percentage.
Description Number of exception conditions reported to the back-end system which are

not actually exception conditions.

What is measured:

The total number of alerts from the system and the number of those which
represented an exception condition that required intervention.

KPI

KPI 5.2

Method of collection
and measurement

System operation reporting

Target Value

<20%

Verification and

validation method

Measurement of system behaviour over evaluation phase deployment.
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Table 5-6: FRs, KPIs and Measures for VCD5.1 - False Negatives

FR-2 False Negatives
ID EdgeAl_VC5_D2_FR-2
Name False Negatives
Definition (False Negative Alerts / Total Alerts) *100, reported as a percentage.
Description Number of exception conditions not reported to the back end system which

are actually exceptions, as discovered by later manual observation.

What is measured:

The number of faults in the system which were not automatically detected by
the sensing system. Note that this only only relates to conditions of types that
the system is designed to detect.

KPI

KPI 5.2

Method of collection
and measurement

System operation reporting

Target Value

<20%

Verification and

validation method

Measurement of system behaviour over evaluation phase deployment.

Table 5-7: FRs, KPIs and Measures for VCD5.1 - Availability

FR-3 Availability

ID EdgeAl_VC5_D2_FR-3
Name Availability

o Proportion of time for which the system is monitoring the environment.
Definition

Expressed as a percentage.
o Time for which the system is fully available and operational as a proportion of

Description

all time.

What is measured:

(micro, deep, meta-edge) and the intersection between those times.

KPI

KPI 5.1

Method of collection
and measurement

Record downtime which is not due to specific engineering issues (e.g.
experimental intervention) during the observation period.

Target Value

Better than 88 machine hours or outage per year

Verification and

validation method

Measurement of system availability over evaluation phase deployment.

5.11 Verification, validation and testing initial plan

The system shall be verified in a lab environment using historic data replay into the micro-

edge. Validation shall be by means of field deployment in a representative environment,

recognising that the events it is designed to detect are not common in the first instance.
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This means that although it will be possible to validate EdgeAl_VC5_D1_NFR-1,
EdgeAl_VC5_D1_NFR-3, EdgeAl_VC5_D1_FR-2 and EdgeAIl_VC5_D1_FR-3 using production
data errors and misoperation may need to be artificially induced in the verification system
to validate the other (N)FRs.

Co-funded by
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5.12 Edge Al explainability and interpretability

Data will be retained at the micro-edge for explainability and interpretability purposes
when an alert is generated. The means by which these can be used to support the alert
event is for study.

5.13 Al based standards relevant for the demonstrator

None known to be relevant at the present time.

5.14 Demonstrator milestones

Data collection is already underway. An early experimental system is expected by the end
of 2024 with experimentation and observation thereafter.

6 Human Activity Inference in Office/Home/Industrial Facilities
(VCD5.2)

6.1 Demonstrator description

Buildings need to be comfortable, safe, and efficient places to live and work. Currently,
users must manually adjust the configuration of the building according to their varying
needs. Energy efficient, (home) security, and human centric building management
demands continuous activity classification of persons.

VCD 5.2 aims to extend SoA by allowing building management to automatically support
its occupants with environmental adaptations for atmosphere setting and working
context support through a.o. optimised light schedules, using embedded Al on
heterogenous HW/SW platforms.

The building would also support optimized cleaning, energy usage (sustainability), and
maintenance as a side benefit. This use case requires inferring human behaviour, context,
comfort, and intention, being notoriously difficult and certainly when doing it in a way that
maintains privacy.

Multiple sensors will be deployed to infer the activity of users in both residential and office
spaces.

This document and the information contained may not be copied, used, or disclosed, entirely or partially, outside of the
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Test systems will be installed in different situations to allow robustness, information

quality and necessary sensor density to be determined. Behaviour of multiple abstract
users in a shared space will be inferred with time constants in the order of minutes.

6.2 Demonstrator objectives and KPIs

Demonstrator objectives and KPIs are presented in Table 6-1 VCD 5.2 Objectives and KPlIs.

Table 6-1 VCD 5.2 Objectives and KPIs

Demonstrator Objectives

KPI

Target Value

Context-aware Al solution for
lighting control and facility
management. {O1}

Design guidelines of
tiny neural networks
for classification of
time series for scalar
value reporting
sensors such as PIR,
radar, microphones,
etc.

One novel design that can be

deployed on a micro-
controller (e.g. with
specifications like 80MHz,
256kB  RAM, 1MB flash,
200mw) and which
contributes to activity
detection.

Prototype diagnostic or
predictive models running on
Edge Al that combine historical
data and data from other
installations, user feedback,
building information data,
(e.g., energy usage data)
mechanisms that allow
addition or removal of sensors

and that are flexible in
allowing  installations  of
different configuration;

decentralized or distributed
edge solutions for this
application. {06}

A plug-and-play activity
detection system that

works with a large
variety of  sensor
combinations, which
addresses sensor

fusion, online learning,
transfer learning
dealing with variable
number of inputs, and
self-unsupervised
learning

An activity detection system
that adapts to a customer
environment/installation with
a minimum amount of
customer interaction.

6.3 Demonstrator system level architecture and edge Al design workflow

The overall concept of the demonstrator is illustrated in Figure 6-2. Edge ai is used at

various locations in a smart building. Radar based fall detection devices use embedded Al

for detecting falls from a time-series of data. A camera uses object detection for detecting
the presence of persons, thereby enabling advanced light control.

All devices in smart building typically generate 10T events. These may be collected by a

device on the edge which subsequently classifies these streams of events using Al.
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loT event Al
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I?, Embedded Al for light control

Figure 6-2 Overview architecture smart building

The latter enables precise localization of persons in a home which is of interest for
advanced light control and the monitoring of the well-being elderly.

6.4 Edge Al Hardware accelerators, modules, and platforms
Within scope of the demonstrator are the following hardware modules and platforms.
Edge ai camera

e Ambarella CV28m SoC for Al-based object detection
e NXP iMX8MP (iMX8MPLus)

Localization

e Crownstone
e ZigBee
e Wi-Fi

This document and the information contained may not be copied, used, or disclosed, entirely or partially, outside of the
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Edge ai fall detection.

e 60 GHz mmWave MIMO RADAR
e STMCU
e ESP32

Edge ai centralized/distributed logic.

e Philips Hue bridge
e Philips Hue cloud
e Raspberry PI

Co-funded by
the European Union

6.5 Software building blocks, modules, and edge Al-based algorithms

The following libraries & software is of interest to the edge ai development of this

demonstrator:
° Matlab
e Python
o C/C++

e AWS Sagemaker
e TensorFlow
e TensorFlow Lite,

e ST XCube Al
e ST Nano Edge Studio
o NXP NAS

6.6 Edge Al framework, methods, and techniques

The following libraries and methods are of interest to the development of this

demonstrator.

e PyTorch

e TensorFlow

e Tensorflow Lite

e Ambarella CVFLow
e Sklearn

e Scipy & numpy

e AWS

e Sagemaker
e Weka

e Autoweka
e Scikit

e Tensorflow

This document and the information contained may not be copied, used, or disclosed, entirely or partially, outside of the

EdgeAl KDT JU project consortium without prior permission of the beneficiaries in written form.

20



SO

Co-funded by
the European Union

6.7 Edge Al training implementation and datasets
Camera

e MS COCO 2017

e OpenImages V6

e Pascal VOC 2012

e Signify curated Indoor Person Detection dataset.

Localization

e Crownstone - mutual RSSI of tuples over longer periods of time
e ZigBee - mutual RSSI of tuples over longer periods of time

Fall detection.

¢ In-house dataset

e Many types of falls

e Activities of daily living

e Continuous recording for detecting false positives.

6.8 Edge Al inference implementation

Edge Al inference occurs in the radar-based sensor, camera, and on a device on the edge.

6.9 Non-functional requirements

Table 6-2: NFRs, KPIs and Measures for VCD5.2 - NFR 1 camera power consumption

NFR-1 Camera power usage
ID EdgeAl_VC5_D2_NFR-1
Name Camera object detection power efficiency
Definition Power consumption of camera when a person is present
Description Measure of power consumption camera
What is measured: Average power consumption that can be attributed to light control function
KPI Whr / (24hours of operation)

Method of collection and

Experimentation
measurement

Target Value 10Whr / (24hours of operation)

Verification and

. . Experimentation
validation method P

Table 6-3: NFRs, KPIs and Measures for VCD5.2 - NFR 2 radar integration

NFR-2 Radar integration

ID EdgeAl_VC5_D2_NFR-2

This document and the information contained may not be copied, used, or disclosed, entirely or partially, outside of the
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Name Radar integration compatibility
Definition Radar sensor + processing integrated into a lighting device
Description Radar sensor + processing integrated into a lighting device

What is measured:

Check if radar can be integrated into consumer lighting device and whether it is
still operational

KPI Size + operation
Method of collection and , .

Experimentation
measurement

Target Value

Should both work

Verification and

validation method

Experimentation

Table 6-4: NFRs, KPIs and Measures for VCD5.2 - NFR 3 RF sensing

NFR-3 Processing resources RF sensing
ID EdgeAl_VC5_D2_NFR-3
Name RF sensing in system
Definition Measure processing time of sensor fusion algorithm
Description Measure processing time of sensor fusion algorithm

What is measured:

Measure processing time of sensor fusion algorithm

KPI

Seconds per inference

Method of collection and
measurement

Experimentation

Target Value

<1 second

Verification and

validation method

Experimentation

Table 6-13: NFRs, KPIs and Measures for VCD5.2 - NFR 3 RF scalability

NFR-4 Scalability
ID EdgeAl_VC5_D2_NFR-4
Name Scalability (RF sensing in system)
Definition Measure how many sensor areas can be used on 1 hue bridge
Description Measure how many sensor areas can be used on 1 hue bridge

What is measured:

Number of areas that can be handled by 1 hue bridge

KPI

Number of areas that can be handled by 1 hue bridge

Method of collection and
measurement

Experimentation

Target Value

12
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Verification and

validation method

Experimentation

Table 6-13: NFRs, KPIs and Measures for VCD5.2 - NFR 5 RF modifiability

NFR-5 Modifiability
ID EdgeAl_VC5_D2_NFR-5
Name Modifiability of RF sensing system
Definition Maintenance of learnings of system upon small installation modifications
Algorithm is expected to (self-)learn the customer’s environment such as which
o boundaries suffer from non-confinement. Upon system modifications (addition
Description

of a sensor), most learnings should be maintained such that additional self-
learnings are kept to a minimum.

What is measured:

Amount of time a system needs before it reaches a satisfactory performance

KPI

Days

Method of collection and
measurement

Experimentation

Target Value

7

Verification and

validation method

Experimentation

6.10 Functional requirements

In the following it will be described what the system is expected to do.

Table 6-5: FRs, KPIs and Measures for VCD5.2 - FR 1 Detectability of semi-static persons

FR-1 Detectability of semi-static persons
ID EdgeAl_VC5_D2_FR-1
Name Detectability of semi-static persons using camera
Definition Detectability of semi-static persons using camera in household application
Description When camera + Al is active, a semi-static person shall be detected when present

in a household

What is measured:

True positives

KPI

Number positive events per 20 minutes

Method of collection and
measurement

Experimentation

Target Value

In >90% of the >20min lasting scenarios (e.g. watching TV), a person shall be
detected at least once per 20 minutes

Verification and

validation method

Data analysis
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Table 6-6: FRs, KPIs and Measures for VCD5.2 - FR 2 Detectability of semi-static persons

FR-2 Detectability of semi-static persons
ID EdgeAl_VC5_D2_FR-2
Name Detectability of semi-static persons using camera
Definition Detectability of semi-static persons using camera in household application
Description When camera + Al is active there shall be no false events of persons be detected

What is measured:

False positives

KPI

Number positive events per 24 hours

Method of collection and
measurement

Experimentation

Target Value

In 90% of the application areas, a false positive shall not occur more often than
once per 24 hours of operation

Verification and

validation method

Data analysis

Table 6-7: FRs, KPIs and Measures for VCD5.2 - FR 3 fall detection

FR-3 Fall detection
ID EdgeAl_VC5_D2_FR-3
Name Fall detection by radar
Definition Detectability of persons falling at home
Description Detectability of persons falling at home

What is measured:

True positives and false positives

KPI

Percentage of falls detected, number of false positive events per month

Method of collection and
measurement

Experimentation

Target Value

90% of falls shall be detectable, number false positives per month less than 1

Verification and

validation method

Experimentation

Table 6-16: FRs,

KPIs and Measures for VCD5.2 FR 4 localization of persons

FR-4 Localization of persons

ID EdgeAl_VC5_D2_FR-3
Name Estimating presence for each of the sensor covered areas

- When RF-motion events are observed, an estimate for presence is given for each
Definition

of the areas
o When RF-motion events are observed, an estimate for presence is given for each

Description

of the areas

What is measured:

Amount of total improvement due to fusion of events from various areas versus
non fusion
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KPI

False positives at equal true positives

Method of collection and
measurement

Experimentation

Target Value False positives reduction of more than 10%

Verification and
validation method

Experimentation

6.11 Verification, validation and testing initial plan

6.11.1

1)
2)

3)

Camera

Make inventory of >20min lasting activities in which case lighting may be present.
Get video/images on (some) activities at 20 different installations.

Demonstrate that for >90% of the installations the requirements can be met.
Estimate power usage that is needed for light control.

Radar fall detection

Record radar signal of falls of various persons

Check algorithm performance on recordings.

Run algorithm in various households and count false positives.

Design sensor, integrate in lighting device, compare performance compared to
non-integrated radar.

RF sensing

Record sensor events of various RF-sensing areas in a home

Run simulations for sensor-event fusion algorithms and compare performance to
a non-fusion algorithm.

Demonstrate that algorithm can be ran on a standard laptop for 12 boundaries.

6.12 Edge Al explainability and interpretability

6.12.1

Camera for light control

Al-models for object detection in images often suffer on issues like explainability and
interpretability.

6.12.2 Radar fall detection

The Al model that will be integrated into the signal processing flow will likely have some
explainability as the neural network will be rather shallow and have a classical signal

processing analogue.
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The Al model on which we anticipated consists out of nodes that communicate via
meaningful quantities (structured probabilistic models). This means that the model in
principle could be fully understood. However, a large probabilistic model may still require
a substantial effort for understanding certain effects.

6.13 Al based standards relevant for the demonstrator

ZigBee & Matter standards

6.14 Demonstrator milestones

Demonstrators will be developed using an agile methodology. This means that
demonstrators will be created throughout the project. Each phase will start by settings
goals, data collection + algorithm improvement, followed by evaluation and defining
potential next steps. In the first phase special attention will be given to requirements and
architecture definitions.

7 Shared Human and Robot Operating Spaces (VCD5.3)

7.1 Demonstrator description

Robots require the coordination of multiple sensors, even in simple deployments. SoA is
that robots and humans are separated by physical barriers; any breach of the barrier
results in an emergency stop condition. VCD 5.3 aims to move beyond SoA, targeting
mobile robots and humans working together collaboratively in a shared space, based on
a high degree of flexibility, adaptability, and safety in the robot fleet. This requires the
robots to understand and anticipate the activities, motions, and intentions of humans.
This use case is characterized by on-platform processing of high bandwidth video streams
obtained within a moving reference frame. VCD 5.3 specifically aims to:

e Improve environment perception of robots by utilizing foundation model
technology, specifically focussing on perception of humans and their actions.

e Demonstrate these improvements of foundation model technology wrt. state-
of-the-art deep learning models on pre-recorded video.

e Demonstrate the feasibility of running foundation models on edge hardware
by using active inference techniques.

The high-level purpose of this demonstrator is to show the feasibility and benefits of
running foundation models at the edge for mobile robot applications that require
improved perception. The focus is on the technology and not on the application.
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The overall EdgeAl project objectives addressed in VCD 5.3 are presented in Table 7-1:

Table 7-1 VCD 5.3 Objectives and KPIs

Demonstrator Objectives KPI Target Value

KPI 1 Increase of mean +25% increase in mloU with
intersection-over-union | respect to not using foundation
(mloU) of semantic model technology.

segmentation in target . . .
Demonstrate improved arfa & +25% increase in MAP with

environment perception respect to not using foundation

. . KPI 2 Increase of mean
by using foundation . model technology.
average- precision (MAP)
model technology

of human activity -50% reduction in computation
recognition in target with respect to not using active
area. inference

Feasibility of running KPI 3 Percentage of

foundation models on | reduction in -50% reduction in computation

computanon tlme (ms) with respect to not using active
for high-resolution

semantic segmentation
on edge devices.

edge hardware by using
active inference
techniques

inference techniques.

7.3 Demonstrator system level architecture and edge Al design workflow

Foundation model technology, i.e. massive pre-training on unlabelled data, allows for
increased accuracy and generalization of Al models deployed at the edge. The difference
with other Al deployment techniques is shown below.

Massively
Learn once Contmual learning Orchestration Learn once
o] Y
&5 e El@ wiliE esqs
Deploy once Deployand Source Self-supervised Deploy once
¥ ¥ E = Continual learning +

@ & B8 pP&q @
U WSS B BSS
Figure 7-1 Foundation model deployment principle's

7.4 Edge Al Hardware accelerators, modules, and platforms

NVidia Jetson AGX Orin (275 TOPS, GPU 2048-core NVIDIA Ampere architecture GPU with
64 Tensor Cores, CPU: 12-core NVIDIA Arm® Cortex A78AE v8.2 64-bit CPU
3MB L2 + 6MB L3, 64 GB RAM).
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7.5 Software building blocks, modules, and edge Al-based algorithms
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NVidia SDKs (CUDA,TensorRT), Linux OS, PyTorch, ROS 2.0.

7.6 Edge Al framework, methods, and techniques

NVidia SDKs (CUDA,TensorRT), Linux OS, PyTorch, ROS 2.0.

7.7 Edge Al training implementation and datasets

Academic benchmark datasets including: Cityscapes [7], Mapillary Vistas [8], WildDash
[9], and BDD [10].

7.8 Edge Al inference implementation

Custom implementation exploiting active inference techniques (adaptive token
reduction).

7.9 Non-functional requirements

The purpose of this demonstrator is to show case the capabilities of beyond SotA Al on
edge devices. In contrast to other industry demonstrators where the SotA Al is a means
to goal, in this academic demonstrator the beyond SotA Al is the goal. As such, there are
no non-functional requirements that would be related to the industrial deployment of the
beyond SotA Al technology.

7.10 Functional requirements

Table 7-2: FRs, KPIs and Measures for VCD5.3 - Improved perception 1

FR-1 Improved perception 1
ID EdgeAl_VC5_D3_FR-1

Name Improved perception 1

Perception is the ability of a robot to perceive and understand its

Definition )
environment
L Increase in perception quality in deployment area measured with
Description p P q Y Ploy
relevant metric
What is measured: Quality of semantic segmentation
KPI Mean Intersection-over-Union (mloU)

Method of collection and
measurement

Academic benchmark data

Target Value +25 increase in mloU wrt. state-of-the-art on edge devices

Verification and

_— Standard generalization tests on out-of-distribution data
validation method
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Table 7-3: FRs, KPIs and Measures for VCD5.3 - Improved perception 2

FR-2 Improved perception 2
ID EdgeAl_VC5_D3_FR-2
Name Improved perception 2
L Perception is the ability of a robot to perceive and understand its
Definition :
environment
_ Increase in perception quality in deployment area measured with
Description p P . y ploy
relevant metric
What is measured: Quality of human action classification
KPI mean average- precision (MAP)

Method of collection and
measurement

Academic benchmark data

Target Value +25 increase in mloU wrt. state-of-the-art on edge devices

Verification and

_— Standard generalization tests on out-of-distribution data
validation method

Table 7-4: FRs, KPIs and Measures for VCD5.3 - Improved perception 3

FR-3 Improved perception 3
ID EdgeAl_VC5_D3_FR-3
Name Improved perception 3
- Perception is the ability of a robot to perceive and understand its
Definition )
environment
I Allow more capable models to run on edge hardware by reducing the
Description . .
computational load of foundation models
What is measured: Frames per second on edge device (FPS)
KPI Frames per second on edge device

Method of collection and|Academic benchmark data

measurement
Target Value +50% increase in FPS
Verification and|Standard generalization tests on out-of-distribution data

validation method

7.11 Verification, validation and testing initial plan

The demonstrator will be validated using standard academic benchmarks and testing
procedures. Datasets that are used include Cityscapes [7], Mapillary Vistas [8], WildDash
[9], and BDD [10].
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The experiments are conducted to validate the performance on out-of-distribution data.
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The procedure is described in [11] and trains an Al model on one dataset and validates
the model on a collection of other datasets. This provides better insights on the
performance of the Al model at the edge where it will be subject to data distributions that
are not included in the train set.

7.12 Edge Al explainability and interpretability

Not applicable at this moment.

7.13 Al based standards relevant for the demonstrator

Not applicable at this moment.

7.14 Demonstrator milestones

Not applicable at this moment other than those mentioned in the high-level EdgeAl
workplan.

8 Optimization Techniques for efficient NN deployment on the
edge (VCD5-ET)

8.1 Demonstrator description

The recent success of Al, the adoption of loT devices, and the power of edge computing
have come together to enable Edge Al in novel applications such as smart home
appliances and autonomous vehicles, among others. In most Al research today, neural
network (NN) models are typically designed solely to improve predictions' performance,
often ignoring the real-world constraints of the SW/HW platforms in which these models
will be deployed. Hence, the solutions that can be deployed to the field are limited or sub-
optimal, as these devices generally present limitations concerning the range of supported
operations, processing capabilities, and available memory. To address these challenges,
this demonstrator investigates, evaluates, and showcases state-of-the-art NN
optimization techniques that bridge the gap between optimal neural network design and
optimal deployment on edge devices. NXP-NL focuses on state-of-the-art methodologies
such as SW and HW-aware Neural Architecture Search (NAS) [1], NN quantization [2],
pruning [3], clustering [4], and how these can be combined in a scalable way to enable a
joint collaborative optimization to maximize deployment efficiency without compromising
task performance. Inspired by the input of the whole consortium, as well as more detailed
input from the partners in value-chain Digital Society. These Enabling Technology
investigations of optimization technologies are applied to use cases and HW targets which
are relevant to the partners of this value chain, such as time series data, vision, i.MX8M
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Plus, i.MXRT1170, and i.MX9x. Furthermore, NXP-NL strives to collaborate with the
partners of this value chain by applying these techniques to NN models belonging to the
other demonstrators of this value chain, provided practical aspects such as exchange of
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neural network models, training efforts and data-exchange aspects allow to do so.

In summary, the expected outcome by NXP is two-fold: first, a significant step-up in
enabling technology building blocks towards optimal edge Al applied to use cases of
common interest, and second, the application of such building blocks in and with the
partners of the value-chain Digital Society.

8.2 Demonstrator Objectives and KPIs
The objectives addressed by demonstrator VCD5-ET are presented in Table 8-1:

Table 8-1 VCD 5-ET Objectives and KPIs

Demonstrator Objectives KPI

Target Value

Demonstrate that Al
performance on an edge
node can be improved by
applying state-of-the-art NN

Achieved Task performance
and secondary HW-related
performance metrics such as
inference latency and model

Improved task performance
on a given dataset and
improved secondary HW-
related metric on a given

optimization techniques. | size. .
{02, 04} edge device.

Achi Task fi | k £
Demonstrate improved Al chieved Task performance | Improved task performance

performance towards the
requirements of a partner
use case. {02, 04}

and secondary HW-related
performance metrics such as
inference latency and model
size, defined by the

on a given dataset and
improved secondary HW-
related metric on a given
edge device.

8.3 Demonstrator system level architecture and edge Al design workflow

The overall concept of the methods, and the approach followed throughout this
demonstrator is illustrated in Figure 8-1.

Orthogonal Optimization Methods O

NAS Architecture fi in A

Optimization 0 in O

1

1

1

1

N 1
" |Performance Estimation :
Strategy H
1

1

1

1

1

]

Search Space

Search Strategy
f ., 0 -
performance
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v

Figure 8-1 Neural Architecture Search Combined with Orthogonal Optimization Methods
(Inspired by [1])

Where,
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which can be discovered by NAS algorithms.

2) Search strategy: Indicates how the search space is explored to derive optimal NN
architectures.

3) Performance estimation strategy: Denotes how candidate solutions are
evaluated regarding their task performance (e.g., accuracy) and hardware-cost
(e.g., inference latency, memory), while considering a certain optimization
technique (e.g., quantization, pruning, etc).

4) Orthogonal optimization methods: The explored methods to improve the QoS
of neural networks when deployed on-device. Note that these can be tightly linked
to the SW/HW node, depending on the supported capabilities. E.g., pruning on
i.MX93.

8.4 Edge Al Hardware accelerators, modules and platforms

This demonstrator explores multi-objective optimization techniques towards improving a
primary objective, typically related to the NN task performance, while also improving a
secondary HW-related metric, such as inference latency or model size. For this multi-
objective optimization, we focus on current and next-generation NXP hardware: i.MX9M
Plus and i.MX93 utilises high-performing Al HW accelerators in the form of the Verisilicon
and ARM Ethos U65 Neural Processing Unit (NPU), respectively.

8.5 Software building blocks, modules, and edge Al-based algorithms

This demonstrator explores various algorithms which can be utilized to optimize NN
architectures, such as NAS, NN quantization, pruning and clustering. These algorithms can
be implemented in isolation or contained within larger software modules. For example,
in the case of NAS, readily available software libraries, such as Optuna, provide a set of
NAS algorithms that can be utilized to optimize NN models.

8.6 Edge Al framework, methods, and techniques
This demonstrator relies on well-known Al frameworks to train the NN models which are
the target for the optimization, such as Pytorch, Keras and TensorFlow, among others.

8.7 Edge Al training implementation and datasets

For each NN model under optimization, we utilize both internal (both from NXP-NL and
from the value chain partners) and open-source datasets to quantitatively evaluate the
performance of the models which are being optimized.
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8.8 Edge Al inference implementation

Inference will be performed on the NXP platforms for which the models are optimized.

8.9 Non-functional requirements

The non-functional requirements (NFRs) for VCD5-ET are presented in Table 8-2, Table 8-3

and Table 8-4.

Table 8-2 NFR, KPIs and Measures for VCD5-ET- Optimized model compatibility with the

target platform

NFR-1 Optimized model compatibility with the target platform

ID EdgeAl_VC5_ET4_NFR-1

Name Optimized model compatibility with the target platform

Definition At least one of the multi-objective optimization algorithms shall
provide means to guarantee that the optimized models are
compatible with the target platform and its SDK

Description At least one of the multi-objective optimization algorithms shall

provide means to guarantee that the derived models can be executed
on the target inferencing platform for demonstration

What is measured:

Compatibility with the target platform and SDK

KPI

Achieved / Not achieved [Qualitative]

Method of collection
and measurement

Experiment(s) will be performed to show the ability of the multi-
objective optimization technique(s) to guarantee compatibility with
the target inference platform

Target value

Ability of an algorithm to disregard/remove unsupported NN
operations from the optimization process, therefore, guaranteeing
compatibility with the target platform

Verification and
validation method

Unsupported NN operations disregarded/removed from the
optimization and optimized model running on the target platform

Table 8-3 NFR, KPIs and Measures for VCD 1 - Scalability of the optimization

NFR-2 Scalability of the optimization
ID EdgeAl_VC5_ET_NFR-2
Name Scalability of the optimization
Definition The optimization shall be scalable to allow the optimization to be
applicable on large scale datasets and large networks
Description The multi-objective optimization algorithm shall support the
P introduction of methods which allow for faster optimizations

This document and the information contained may not be copied, used, or disclosed, entirely or partially, outside of the
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What is measured:

Faster multi-objective optimizations in comparison to a naive baseline
where this scalability methods are not applied.

KPI

Achieved / Not achieved [Qualitative]

Method of collection and
measurement

Optimization runs will be performed with and without the scalability
approaches to show that the introduction of these approaches enable
faster optimizations.

Target Value

Scalable multi-objective optimization to allow the optimization to be
applicable on large datasets and networks.

Verification and

validation method

Faster optimization for a given model and dataset.

Table 8-4 NFR, KPIs and Measures for VCD5-ET - Compatibility with Al frameworks

NFR-3 Compatibility with Al frameworks

ID EdgeAl_VC5_ET_NFR-3
Name Compatibility with Al frameworks

o The optimization shall be applicable to models implemented in different
Definition . :

Al frameworks, including TensorFlow and Pytorch
_ The optimization shall be applicable on models implemented in Pytorch

Description P PP P y

or TensorFlow

What is measured:

Applicability of the optimization on models implemented in Pytorch and
TensorFlow

KPI Achieved / Not achieved [Qualitative]
Method of collection and|Optimization runs applied to at least one model implemented in
measurement TensorFlow and one model implemented in Pytorch

Target Value

Successful optimization of models implemented in Pytorch and
TensorFlow

Verification and

Results showing optimized models for the above specified frameworks

validation method

8.10 Functional Requirements

The functional requirements (FR) for VCD5-ET are presented in Table 8-5, Table 8-6 and

Table 8-7.

Table 8-5 FR, KPIs and Measures for VCD5.4 - Multi-objective Optimization

FR-1 Multi-objective Optimization
ID EdgeAl_VC5_ET_FR-1
Name Multi-objective Optimization
The method/techniques shall concurrently optimize a NN for a
Definition reference application to improve the accuracy of predictions while

improving a secondary HW-related metric on the target platform
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Description

The multi-objective optimization shall automatically design a CNN for a
reference application to achieve high accuracy and low latency on the
target inferencing platform

What is measured:

Model task performance and secondary HW-related metric

KPI

[%] Task Performance and Secondary Metric

Method of collection and
measurement

The task performance of the optimized network will be measured on
the dataset used to optimize the NN and benchmarked with
comparable SOTA networks. The secondary HW-related metric of the
network will be measured on the target platform.

Target Value

A task performance increase and secondary HW-related metric
improvement over comparable SOTA networks

Verification and

validation method

Dataset performance and HW-related metric measured on the target
platform.

Table 8-6 FR, KPIs and Measures for VCD5-ET - Extensibility of the optimization objectives

FR-2 Extensibility of the optimization objectives
ID EdgeAl_VC5_ET_FR-2
Name Extendibility of the optimization objectives
Definition The optimization shall be extendable to support the introduction of
additional/alternative optimization objectives
The algorithm shall support the introduction of additional/alternative
Description objectives in addition to accuracy and latency to accommodate diverse

customer interests (e.g., memory)

What is measured:

Extendibility of the optimization objectives

KPI

Achieved / Not achieved [Qualitative]

Method of collection and
measurement

Additional  optimization runs  will be  performed with
alternative/additional objectives to prove the extendibility of the
algorithm implementation

Target Value

Extendible algorithm to accommodate additional/alternative

optimization objectives

Verification and

validation method

Model optimized for additional/alternative objectives

Table 8-7 FR, KPIs and Measures for VCD5-ET - Extensibility of the optimization to various

types of Neural Networks

FR-3

Extensibility of the optimization to various types of Neural Networks

ID EdgeAl_VC5_ET_FR-3
Name Extensibility of the optimization to various types of Neural Networks

N The optimization shall be extensible to allow the optimization to be
Definition

applicable to various types of Neural Networks
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The optimization algorithm shall be extensible to support various types
of Neural Networks, including: CNNs, LSTMs and Transformer models.

The ability of the optimization algorithm to optimize various types of
Neural Network architectures.

KPI Achieved / Not achieved [Qualitative]

What is measured:

Method of collection and

Optimization runs applied to the specified types of Neural Networks.
measurement P PP P yp

Shown applicability of the optimization to the above specified types of

Vet i Neural Networks.

Verification and|Results showing optimized models for the above specified types of
validation method Neural Networks.

8.11 Verification, validation and testing initial plan

For verification, the models generated by each algorithm are assessed on the same
dataset employed in the optimization phase. Additionally, the hardware-related metrics
are measured on the specific edge node.

For validation, the primary approach to assess the effectiveness of the optimization
techniques and their benefits is by checking their capacity to enhance the primary task
performance and the secondary hardware-related goals of the inference platform.
Furthermore, a qualitative assessment is conducted by deploying the optimized model on
the device and ensuring its proper functionality.

8.12 Edge Al explainability and interpretability

In our current project, we do not have plans to directly delve into techniques focused on
explaining or making Al models interpretable. However, most of the neural network
optimization methods we've discussed are applied to a state-of-the-art base network (the
seed network). Consequently, it's reasonable to expect that the optimized models will
inherit certain characteristics from the original network.

In the case of Neural Architecture Search (NAS), which explores different neural network
structures, it's possible to design a search space that follows the seed network. This
means that the optimal networks discovered through NAS may also inherit properties
from the original seed network.

Furthermore, conducting a post-NAS analysis of the optimal networks with regard to
specific properties such as the number of layers or selected operations might offer
insights into why a particular solution is effective for a given performance objective, like
memory or latency. This could contribute to a level of interpretability of the optimization
technique.
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The subsequent ISO standards establish the vocabulary for Al systems:

ISO/IEC 22989: Offers standardized concepts and terminology to enhance the
comprehension and utilization of Al technology among a wider range of interested parties
[5].

ISO/IEC 23053: Presents a structure for delineating Al systems that make use of machine
learning [6].
8.14 Demonstrator milestones

The milestones corresponding to demonstrator VCD5-ET are shown in Table 8-8.

Table 8-8 VCD5.4 Demonstrator Milestones

Project month | Milestone title Milestone description

12 VCD5_ET -1 Presentation of the method(s), and results on a
relevant use case targeting NXP HW.
24 VCD5-ET -2 Presentation of the method(s), applied on either

a use case of an EdgeAl-partner, or an NXP
internal use case (which may have been inspired
by other, e.g., customer, discussions),
showcasing improved performance towards the
use case requirements.

9 Synergies with other value chains and demonstrators

With respect to other value chains and work packages there is synergy on the
technological challenges. In this value chain one of the demonstrators monitors machine
rooms through Al technologies. A similar use case can be found in the value chain Agri-
food and Beverage in which champagne bottles are monitored. Similar challenges of
extensive data capture and few exception events are expected for both use cases and
VC5.1 expects to enter discussions to find the best possible mechanisms for training in
the face of such issues.

Another example is the use of wireless networks for localization studied here which
overlaps with the LoRa mesh networks that is developed in the value chain Energy.
Besides overlap in use cases, a substantial overlap can be observed on the technologies
and functions being developed and used. Examples of common technologies are
developments on object detection in images and video, classification of events appearing
in time-series, and optimization of neural network designs and implementations.
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as for example the use of TensorFlow (lite), Python, Pytorch, Neural Architecture Search,
and the architectures of the neural networks being deployed.

10 Conclusion

10.1 Contribution to overall picture

Computer vision, human activity recognition, and robots in shared human spaces are all
examples of edge computing applications of Al. Edge computing refers to the processing
and analysis of data at or near the source, rather than sending all the data to a centralized
cloud or data centre for processing. This can lead to faster and more efficient data
processing and enables real-time decision-making.

In the case of computer vision, edge computing can help cameras and sensors detect and
recognize objects and people in real-time, which is essential for applications like
autonomous vehicles and security systems. Similarly, human activity recognition at the
edge can enable real-time monitoring of people's movements, which is important for
applications like elderly care and workplace safety.

Robots in shared human spaces also require edge computing capabilities, as they need
to process data in real-time to navigate and interact with their environment. For example,
robots used in manufacturing facilities need to be able to detect and avoid obstacles in
real-time to ensure worker safety.

Overall, the requirements on computer vision, human activity recognition, and robots in
shared human spaces contribute to the overall picture on Al on the edge by driving the
need for more powerful, efficient, and real-time data processing capabilities at the edge
of the network.

10.2 Relation to the state-of-the-art and progress beyond it

The work related to the state-of-the-art and beyond are briefly listed and described by the
VC5 partners in Table 10-1.

Table 10-1: State-of-the-art and beyond

Partner (VCD) Description

Multi-objective Neural Architecture Search as well as scalable, collaborative

NXP-NL o . . o )
optimization methodologies are upcoming topics in the field of AutoML.

Fall detection is of increasing interest with an aging population. This work will

S16 simplify the application adding to the safety of our population.
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TECHNO

Multi-sensor long term low power monitoring is a key challenge across many
industrial sectors. Integrating edge Al techniques into these activities promises
improved detection rates and reduced false positives.

10.3 Impacts to other WPs, Tasks and SCs

The outcome/impact to tasks in other WPs are briefly listed and described by the VC5
partners in Table 10-2.

Table 10-2: Outcome and impact

Partner (VCD) |Description
T2.6 Methods and Toolkit Design, T4.1 Toolchains, T4.3 Optimization techniques,

NXP-NL T5.1 Strategies for verification and integration, T5.6 Verification and integration,
T6.1 methodologies for validation and testing, T6.6 Demonstrators.

TECHNO T5.6 Edge Al HW/SW Integration and Verification, T6.6 Benchmarking, Validation
and Test.

10.4 Contribution to demonstration

Table 10-3 briefly describes the relation between the partners' work and their

demonstrator contributions.

Table 10-3: Demonstrator contribution

Partner (VCD)

Description

TECHNO, NXP-
NL, TUE

(VCD5.1)

Use audio and other low data rate sources with time constants in the order of
hours, experimentally deployed in the Gaasperdammertunnel (NI)

SIG, ALMENDE,

Technologies to automatically support its occupants with environmental
adaptations for atmosphere setting and working context support through

TUE, NXP-NL
among other optimised light schedules, using embedded Al on heterogenous
(VCD5.2) HW/SW platforms.
TUE, NXP-NL, Mobile robots and humans working together collaboratively in a shared space,
TECHNO based on a high degree of flexibility, adaptability, and safety in the robot fleet.
TUE leading and main contributor to the development of the VCD5.3
(VCD5.3) demonstrator.
NXP-NL,
TECHNO, SIG  |Use-case exploration for miscellaneous data types to investigate optimization
enabling technologies.
(VCD5-ET)
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10.5 Other conclusions and lessons learned

Table 10-4 briefly describes other conclusions and learnings derived during the execution
of the activities described in this deliverable.

Table 10-4: Other conclusions and learnings

Partner (VCD) |Description
Researching the benefit of Unsupervised Domain Adaption (UDA) on top of
foundation models for generalization to unseen domains / data / environments.
TUE

Do we still need UDA or do foundation models replace it? The first results show
we still need it.

ALMENDE, SIG,

Increasing the number of sensor-modalities at the edge, combined with a careful

TECHNO selection of classifiers, can significantly enhance results.
Neural Architecture Search for neural network optimization can provide
significant benefits, especially in under-researched use-cases.
NXP-NL
NAS-experiment design can scale to do-able training efforts, also in research
contexts.
f multi-sensor Al roaches h nsiderable promise for ressin
TECHNO Use of multi-sensor edge Al approaches has considerable promise for addressing

real world problems in the power distribution market.
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