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Outline

The aim of this guide is to explain what ADL is, what it involves
and what is the range of technology choices to determine these

VAn overview of what ADL detection involves
ASome current results from 1oT2US Lab concerning ADL detection



But 15t a little about QMUL/EECS/IoT R&D

A How to organise & manage research?
A School of Engineering and Materials Science
A School of Electronic Engineering and Computer Science
A School of Mathematical Sciences Schools
A School of Physics
A School of Biological and Chemical Science
A School of Business and Management

A School of Economics and Finance

A School of Politics and International Relations
A School of English and Drama

A School of Geography

A School of Languages, Linguistics and Film
A School of Law

A School of History

A Barts and The London School of Medicine and Dentistry
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QMUL EECS Research groups

Research Group o

AAntennas and Electromagnetics - Centre for Advanced Robotics -
Centre for Digital Music - Cognitive Science - Communication
Systems - Computer Vision - Game Al - Multimedia and Visio
- Networks - Risk and Information Management - Theory

Research Centres
ACentre for Intelligent-Sensing—QMediz



Classifying 10T by Problem/App Domain

AAny domains missing?
AAre these domains independent?
AE.g., SDG 14 sustainable cities ~ Health &sports
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Classifying lIoT by science/engineering
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OMULNIlI oT t o Ubi quil t ous
Science (loT 2 US) Lab

The loT Laboratory has four main research and science aims:

ATo leverage 10T to promote more inclusive, deep citizen science research &
development, not just in to the UK, and in particular to tackle the United
Nations Sustainable Development Goals in low and medium income

developing countries

ATo deploy 10T to foster innovation creativity by anyone, connecting Anything,
Anytime, Anywhere (4A view of 10T)

ATo facilitate a cross-disciplinary approach to loT that spans computer science,
electronic engineering, material science, physical science, natural science and

social science.
ATo use loT to tackle tar%eted_ challenges, e.qg., deeper profiling of human and
animal behaviour through motion tracking and data analytics using both smart

mobiles and with smart (physical) environments; user-centred privacy and
security for smart (loT) interaction, sustainable and energy-efficient I0oT

Interaction.



What are ADLs(Activities of Daily Life)?

AMADLsSs are used as a measur ement o f

ABasics ADLs are more essential for survival than ADLS

AE.g., Personal hygiene, Continence management, Dressing, Feeding (&
drinking), Ambulating/locomotion

Alnstrumental ADLs (IADLs) are not necessary for fundamental
functioning, but they let an individual live independently in a
community

A Companionship & mental support, transportation & shopping, preparing
meals, managing medication, communicating with others, managing
household tasks, managing finances



ADLs as Health Indicators

AWhich of these is the most common locomotion/posture ADL - Lying/sleeping vs.
sitting/working vs. standing vs. walking/running/ cycling vs. other ?

AWe spend on average > 9 hours sitting > 7-8 hour sleeping

AProl onged sitting ¥ risk of heart dise
AN.B for very young or old, getting up & down to sit is difficult

AWe need others to assist us to sit

AAllso c;an’?we differentiate sitting from other stationary ADLs such as standing,
sleeping”

ADLs can help to determine:

AWhat our mental and physical well-being state is?

AlIf we can live by ourselves, independently, safely & healthily?
AHow long can we do this / live for?



Sensing Locomotion and Location as a
means to recognise, then analyse ADLS

AWe have GNSS, inertial sensor devices (accelerometer)

AThis type of comp. sci. seems sStze
problem, no more research needed

| t 0SS not evdrmscompgl 68x ain Surgery
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Sensing Locomotion and Location as a
means to recognise, then analyse ADLS

Method 1: Determine location from GNSS
ADifferentiate location w.r.t time to get speed
AUse speed to classify type of motion, e.g., walk, cycle, bus

Aldentify locations that are Points of interest (POI) using stay time at
POI

AE.g., EU Crumpet project (2000-2002)



Sensing Locomotion and Location as a
means to recognise, then analyse ADLS

Method 2: Determine motion using inertial sensor
AE.g., using accelerometer in phone or wearable
Alntegrate acceleration w.r.t time to get speed
Aldentify activities using acceleration patterns

ACan combine with GNSS

AE.g., EU Sunset project (2011-2014) i play video



Not being able to perform ADLs metric: cost
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ADL Location & Locomotion sensing
challenges

Ay time spent indoors (>80 %)

Indoor location sensing is harder than outdoor location determination

ANo global indoor location sensor

ANo global indoor maps

AMany locations for ADLs are personal - data authorisation, privacy issues
ANot just 2D but 3D spaces

Ay accuracy needed indoors as indoor
Human behaviour variations occur wi't
Alndividuals, small groups, crowds / public, cultural, situation



Some

Recognition g

type of location vs. motion sensing

B . ocation of | BOOK*CAFE | e.g., Cafe location implies an ADL
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No single type of sensor can accurately
detect all types of ADL

ADevice-free (off-body) vs. on-body (e.g.,) wearable sensing
AWhere in physical environment to put motion sensor
AWhere on body to sense

AMovement versus location versus both sensing
AAccuracy of movement or location sensing
Alndoor versus outdoor versus both



About the Infrastructure Requirements for
location & ADL determination

There are 2 kinds of infrastructure requirements for location determination
development & end-use

ADevice free / off-body devices may require addijtional wireless access-point
(AP) devices to be installed in the physical environment

A Requirements are low to do anything if existing communication infrastructure/APs can
also be used for location determination

Ae.g., Cell phone, Wi-Fi APs, NB, end-user must carry an on-body receiver

AReﬁtﬁir%ments can be higher, e.g., Bluetooth, if APs/Beacons need to be bought &
installe

A2nd infrastructure req., is for developer to build a signal map of any space in
a prior calibration or training ?_hase In order to derive locations from
received signals in the operation or test phase

AE.g., Wi-Fi, BLE
ANB Recalibration/retraining is needed if the physical env. Changes
A On-body receiver or transmitter is needed



O Micro-body movement, O Locomotion Human Pose O Locationdriven
recognition Recognition Recognition Activities Recognition

Infrastructure requirements

Cellular, LPWAN

1mm lcm 100Qmable

Location estimation accuracy



Individual vs. Group VS. Large Group vs.
Crowd Analysis

Most studies focus on detecting 1 (& not >1 ) individual (s) A Large Group / crowd

A Individual & small Group: A Lidar Camera
A Lidar, Camera A GN\’SS
A UWB Radar, Ultrasonic
A mmWave Radar A Cellular, LPWAN
A Wi-Fi CSI
A Doppler Radar

A Individual:
A UWB tag
A BLE
A Wi-Fi fingerprint and WiFi RTT (including RTT)
A NFC,RFID
A Inertial, Magnetic
A GNSS
A Cellular, LPWAN



Challenges in ADL Analysis

APosition & orientation implementation of transceiver & hence signal can
vary

ALots of variations in / noise for signals: micro-movements (scratching head),
signal attenuation (through other humans & other phyS|caI objects), orientation,

environment vibration, é
ALarge variations in same type of movement by 1 human individual, e.g.,
depends on energy | evels, tiredness,

ALarge variations in same type of movement by different individuals, e.g.,
depends on age, state of health, &

P



ADL non-functional requirements

AHuman privacy preservation
A Anonymity is often not enough

AE. g., outdoor |l ocations where t1 me |
someone works or often skips work

ADevice and data Security
AUnattended environment devices can get stolen or damaged
AData from any low resource devices has no security

ADevice energy capacity I mains vs. battery
Abattery changing / recharging can a significant overhead



Activity Recognition Chain (ARC)

Define what ADLS, data, sensors, environments to use

Install sensors & test

N
Sense ADLSs
Exchange & Store Data (optional) Supervised /
~ activity data labelling -
R&D analysis algorithms > to know what really
Maintain sensors, \ happened/verity
reconfigure, deinstall < Analyse/classify ADLs accuracy of analysis

~.

Present / Report results
to key stakeholders



ADL Trial Planning

Preplanning

A Specifying which ADLs to recognise, sensors to use, data to collect,
APre-trial/testing

Is the pre-planning this simple?

ASurvey the location, its architecture, its layout where the ADLs occur, where to
sense, etc.

AEthics plan, e.g., to protect users privacy,
ARisk analysis plan, to mitigate against disruptions, failed or stolen equipment
ARecruit users and user intermediaries

A Specify & cost resources needed to undertake the study
A E.g., to handle data volume, communication, etc.

Operational
A See previous slide



Operation cost for on-body & wearable
location/ activity detection devices

A Energy: For wearable devices like smart band, smart watch, smartphones, they all need to be re-
chargéed regularly to use.

A Hardware support: Wearable based system is usually based on built-in sensors like accelerometer,
gyroscope and Magnetometer. Software is also required to get sensor data.

A Data transmission: Generally there are two ways to transmit data between devices, Bluetooth low
energy and WIFI. For offline systems, data is stored locally. And for online systems, data is
transmitted to cloud platforms’via Wi-Fi or cellular communication.

A Data Storage: high frequency signals, e.g., 100 hz accelerometer can generate high data amounts
A Data analysis: data process usually divides into two stages: training stage and test stage.

A At the train_in_tg stage, samples will be collected and processed to train our models. For example, for
human activities recognition, we need to collect samples of target activities. Then after
reprocessing including denoising, segmentation and labelling, all samples are feed into model to
rain.

A At test stage, new stream of data is firstly preprocessed and then feed into the model to recognize.
Theoretically, date analysis at test stage can be processed automatically after training.



Some Core Issues In Data Science / Al R&D

Als the data analysis about discovering unknown data clusters / groups / patterns
(unsupervised learning, data mining) or about confirming if new data belongs to known
groups (supervised learning, data queries)?

A How many data inputs are independent or dependent/inter-related?
A Latterincrease the computation time

A How much data, how real-time, how long to process a sequence of data before a decision
about an outcome is needed?

Al'tds not just the processing ti me, | tds al so t
A How to label/identify/specify known groups (for supervised learning)?

Als the data analysis about classification versus regression (to estimate or predict the
relationship between variables?

Als the analysis non-learning vs. conventional learning vs. deep learning?
Als it single method learning vs. ensemble (combined) learning methods?

A How much & what types of data are needed?

A Overfitting i anal sin?/studyin_g too small a data set & then generalising the implications to a far
more variable dataset has serious flaws



Outline

The aim of this guide Is to explain what ADL is, what it involves and
what is the range of technology choices to determine these

AAN overview of what ADL detection involves
VSome results from 1oT2US Lab concerning ADL



4 epochs of ADL research

4 epochs of research
V2015-2020 indoor ADL analysis & GIS city-wide data analysis using

multiple sensors
VWe came 3" (2019) in the prestigious IPIN (International Conference on Indoor
Positioning and Indoor Navigation) conf. competition track 3 1 smartphone-

based (off-site), upfrom 9™ ast year, competing agai ns
leading companies, e.g., Intel, Tencent for location accuracy.

Earlier research is summarised in an appendix (TODO)

A2011-2014 outdoor transport/locomotion recognition

A2004-10: Indoor location determination, mobility profiling, multi-goal
adaptive spatial routing; SunSpot A+GPS sensors,; adaptive maps

A2000-2003 Early GPS experiences tourism
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2015-2020 indoor ADL analysis & GIS city-
wide data analysis using multiple sensors

ALocation-driven Wi-Fi ADL

AWi-Fi RTT IPS (Indoor Positioning System)

ABLE IPS

ALidar-driven indoor ADL

AMagnetic-field sensing IPS

AUWB IPS

AmmW Radar Indoor ADL

ACrowd (city-wide) ADL sensing and data analysis
ACar-driving



Improved Location-driven Wi-FI

ADL S TS
AObjective: accurately identify 9 location-driven i m “t P -
office activities, e.g., Leave office, Have a - j e e RS R
meeting, Print documents, Go to kitchen, Eat i m “t o - IEi
food, Make tea, Drink tea, Heat food, Have a |, * /BN
drink ‘e olB o °: i
AMethod: select most useful Wi-Fi access points A LS R L
/| transmitters (dondt j i -ao -2 "0 o
use artificial neural networks to estimate Padblad i
features for ranking their usefulness; extended it R
dynamic time warping is used to match/cluster ot Ao LA ey
activity tracks in time & space. B E - 88
AResults & Conclusions: achieved an average N . . B
positioning accuracy of 1.4 m & 80% recognition cm - . B N

.......

accuracy for 9 location-driven activities T R Sl



Wi-FI RTT IPS

AObjectives: to develop & test a new more
accurate IPS

AMethod: use Wi-Fi return trip time (RTT) time
measurements as a more accurate IPS

AResults & Conclusions: Average error of all
these tests is 0.54 m -> far more precise then
all existing Wi-Fi fingerprinting and
propagation model based methods (generally
considered to be 1.5 ~ 2 m).

Alt requires a new type of Wi-Fi access point to
be Iinstalled that supports RTT
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Bluetooth low energy (BLE) IPS (Indoor

positioning system)

A Objective: R&D a BLE IPS to find & retrieve items at
ﬁr)ms length in a physical retail space, e.g., books in a
ibrary

A Method: Array of 25 IBeacons (BlueBar) in a 181 30 m
In a library room were placed 1m apart on the ceiling &
walls; users use & hold a mobile phone as a BLE
receiver, 2 users seek to retrieve books. Radio map of
RSSI Beacons is created & then cross-correlated with
an unknown signals from an unknown location to
determine its location.

A Results; average positioning error of 0.9 m, i.e., can
differentiate between physical space aisles between
book-shelves to retrieve’items at arms length.

A Conclusions: location accuracy is affected by the
number of people between the beacons & receiver,
direction of receiver to transmitter beacon, ...
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Magnetic-field (MF) IPS

A Objectives: Create an IPS that is unaffected by
moving humans, providing more time-invariant
location information, unlike Wi-Fi, Bluetooth

A Method: Use smart phone to create radiomap of
known MF patterns, then detect & match a new
unknown RF pattern to derive unknown location

AResults: Validate in a Ilbrarg, retail-like space,
with multiple metal shelves & pillars, positioning
error is 1.8 m. Scalability issues: MF IPS pattern
location accuracy drops as size of space
Increases

A Conclusions: use of magnetic field (MF), unlike
typical Wi-Fi or Bluetooth positioning
measurements, are unaffected by moving
humans, providing more time-invariant location
Information. We proposed a method to detect the
location quicker.

ARCHIVE




Lidar-driven Indoor ADL System

AObjectives: Use 2D lidar to track people and recognize
location-driven daily activities.

AMethod: A low cost, 2D, rotating Lidar system is used to
collect the lidar radial distance and angle data. After
converting the raw data to Cartesian coordinates,
Hausdorff distance Is used to detect the presence of a
moving user. Then DBSCAN clustering algorithm Is used
to determine the number of users. Lastly RNN based
numan activity recognition classification system is built.

AResults & Conclusions: The results indicate that it can
orovide a centimeter-level localization accuracy of 88%

when recognizing 17 targeted location-related daily
activities.
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UWB-driven Indoor ADL System

EEEEEEE

Objectives: Use UWB to accurately tracking people, PRI L3 Y
& use the seq2seq (RNN) model to classify daily I A A A P
location-driven activities.

Method: Four UWB tags are used to built a system & a
Kalman filter is used to improve the positioning accuracy

AThen a LSTM model is used to classify 38 activities based on
trajectories.

Results & Conclusions: Validation shows that:

AUWB location determination method can provide decimeter
level positioning accuracy &

AGood accuracy (79%) in recognising 38 location-related daily
activities.
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Millimetre Wave (mmW) Radar based ADL System

AObjectives: use mmW radar to build a HAR Tinng  Tetng
system that can recognize micros human
activities, e.g., walking and vital signs, e.g., - Mo
breathing R pe——
AMethod: Signal processing algorithms (e.g. T =
FFT, Wavelet transform) are used to get f
feature map and machine learning and deep KN, SVML,MLP, CNY, LSTM. ComLSTH
learning algorithms are employed to recognize ... L ——
aCtiVitieS. | stationary | | falling | | jumping | | sitting/standing | | walking ||
AResults & conclusions: s

A Recognition accuracy is 98%.
A Requires 1 radar device per room

walking



