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I 1. Introduction

Background (Multi-modal learning)

loMT (Internet of Medical Things)
*  Obtaining sensor information through wearables, cameras, and other devices
« Atechnology that offers many benefits to people's health and safety

Machine Learning(ML)

* Capture hidden relationships between data
« ML +1oMT : Provides support for disease prevention and diagnosis, Contributes significantly to medical

advancement
(—< IOMT APPLICATIONS /.‘-—-\
™ -
loMT [+] Connected m olr Patient
Services [ 4 Medical Devices  { Telehealth = Menitering -
» Smart Inhalers + Wearables + Healthcare + Heart Monitoring
* Movement Detectors * Voice Devices Chatbots * Non-imaging Diagnostics
* Virtual Visits * Mapping Systems
* Cloud-connected
ECG Solutions
_ . ~ v v

<loMT Example>
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I 1. Introduction

Background (Multi-modal learning)

Fall detection

+ Falling can have serious results for vulnerable groups such as the elderly, children, and others
* |tisimportant to detect and alert on falls

* Need to develop a fall detection system using ML + loMT as above
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<Fall detection system Example>




I 1. Introduction

Background (Multi-modal learning)

Fall Detection System Ty o i Tasion

* Rely on mostly single-modal data =gl s W
: o : I il Tl b Frexitm T w1 1 Frsitet fad
* Single-modal data contains limited information EIELIED VIEIELLEL sl 5] |5
. . . 7 ” 7 | b 2 7 | » 7 >
* Multi-modal data-driven systems help improve performanceandcan | |&||&| |2|! ||2||2| |2| 1 | 2|2 |2
| P by 3
complement each other - e -1 F WHE R R
| “Inputdevel ™\ 1| ' | 2([ 2| |&|, '[E||E| L
|\ fusion 1 || BRI |B|1 ||| |E
. e VLB BB 1| B 5| B
Types of data fusion | alellel |8l il sl Bl ] 8
. ! Feature | glle] £ : || £ El | £
* Input-level fusion | Lextraction| 1 {EIE] | E] ) (| E[E] &

. | | I v
* Feature-level fusion b= .l — 'S5 | &
| |Classification | L 112]le 8
. . . . O —— . l‘Fcaturc-lcvel L 4 | B IE z
Decision-level fusion (Ensemble) \ fusion 1 || & E]:] &
| L |22 |2
i
| o] | | "=
: Decision-level

I fusion

|

<Data fusion Example>



I 1. Introduction

Background (Federated learning)

Federated learning
* Centralized ML collects large amounts of user data on a central server to train models
*  Privacy can be protected by using federated learning that does not share data

server

‘ @ —“@ Global model aggregation

and update

— (1) Model initialization

@ @—® Local model training

® Local model upload

<Federated learning Example>



I 1. Introduction

Contribution

Contribution

1. Proposed an input-level data fusion method to combine one-dimensional time series data and two-
dimensional visual data to achieve information complementarity

2. ProposedaFL framework that protects user privacy to ensure data security

3. Used benchmark dataset UP-Fall to measure efficiency, improving fall detection performance when
compared to single-modal data

) O Camera

Server
. Global model
model ) {
‘ aggregation @ Weer 0 User E
i
: - :
w, / :

('{;:{::l'l';x:”:; ‘VI' -~ l 2 R ~ Wiy Local model g Wearable sensor
; W, W W, S upload
o We l ~3 Visual data .
{=: R 7 =\ & =N & Time series data E
Client 1 Client 2 Client k ﬁ :
% AN Data fusion module i
B Y + 9 i s ®  Fused data :
FX Local model
o7 o0 B <7500
Data fusion e ¥ XK Data fusion e Data fusion
. k;/"'"‘/“/ l»-s.’,.. . . «t«l o 2% Global model
Local mode Local mode, - B e RN R Y e S e LA L A S S L
\_ S NG b \. J

<Proposed Framework>
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I 2. Related works

Data fusion in fall detection

Input-level Fusion

Text

Audio

<Input-level Fusion Example>

* Input-level fusion helps fully maintain information from different modalities of data and improve accuracy
*  Previous work on fall detection, Input-level Fusion methods were based on single-modal data, which is
limited by the heterogeneity of the data.




I 2. Related works

Data fusion in fall detection

Video Stream
reception
Background N,
rraded 1 Segmentation

Camera o Shice
calibration prajection =

Input-level Fusion with single-modal data
«  Xieetal. [19] : Body skeleton + Face skeleton fusion

« Auvinet et al. [20] : Multi-camera view fusion

Camera level

Per slice summatian |

. Superposition Per slice's superpasition
Image Pre-Processing | threshold o threshalding

—

¥ . I Skeleton Data
AlphaPose

Slices summation

Oinject's height Y, Heigmzmjacr_ | Mu |ti mOdal
considerations X

Fusion level

threshold = thrasholding

: L .
Human Skeleton Data |
Processing

J labelize obpects I
T—_— [ ovwecrsposen | [ Vericaloects ]
- | |
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|
| 8 i | | ]
: | . Y ' -
| T HA | N
| | MLP | I | =
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| Eie=—ngt g
~~~~~~~~~~ Lol b 2
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<Skeleton fusion framework> <Multiple Cameras framework>




I 2. Related works

Data fusion in fall detection P —

Feature-level Fusion ;
*  Yaoetal [25]:three NNs fusion """""" s |

H i
! I Frame conversion | !

«  Amsaprabhaaet et al. [26] : ST-GCN + 1D-CNN fusion I

Skeleton Sequence Generation

(openpose - YOLOv3)

Fusion of pmdnctmn resulis .
Range-velocity map Range-velocity map classifier | |, .. [ T I ------------------ M UItImOdaI

= M AR . "w-s le S — t_..... considerations X

- Block 1 & E . E 2 g . Multimodal SpatioTemporal Gait Feature Fusion i

-, 60 frames *, 1-3 g E- i_g E §

STGCN Temporal gait modelling using E

om0 Fall-like behavior
] E Spatial and temporal E . .« o
Ronge-honzontal angle map wmmh]m map classifier § repr n — Z\N S IS ClaSSIerd aS a
"1\.:'.|.'| fmmes Dense | = % !E g g:». | (convolution + maxpooling) fa”
: Block * = gz T T e
o = FS1 FS2
13 |38 BHEE ' '
- | Concatenative Feature Fusion Layer l
Ensemble Learnin, l
Range-vertical angle map Range-vertical angle map classifier ’ ID-CNN (cenvolution + average pooling) ‘
S SVM l
= [
SE Dense | = || = I :'? ? 5. Fully connected neural network + softmax
e 60 e Block g SeEmz g B——| o0 =) | |
—— 1-3 B II_E 21 2 | |Concatenate == " -

<Three NNs framework> <ST-GCN + 1D-CNN framework>




I 2. Related works

Data fusion in fall detection

Decision-level Fusion

+ Data from different single modals is analyzed separately and then classification
results are distinguished

* This approach is unable to utilize complementary information from different modal

data
Yes
Feature *
threshold-based }— . Fall
classification / FalyADL / ves
Both
Classification
gives same
result M
easure
Key change in EO Ne
frame-based }—
classification . A
INOr




I 2. Related works

FL in fall detection

Fall detection using FL
1. Privacy-preserving federated learning based on multi-key homomorphic encryption (2022)
+  Contribution : Communication consumption efficiency, Protect privacy
* Limitation : Not considering Non-IIDs, Single-modal data % Non-lID(Independent and Identically Distributed)

Server

a N .
a9 _ ay az az
o W= MTﬂ:FEdA?Jg(WE+1 JWe i Wi )

2. Multimodal federated learning on loT data (2022) £, o
. . . . - | © )
* Contribution : Multimodal data processing | xorx v LN

* Limitation : Communication overhead

/ w, \ w," \
c :
OH) © (- 3
ﬁg EB iy, | SDwi wiis
. AN /

Client 1 Client 2 Client 3




I 2. Related works

Summary table

Table 1

Literature summary table.

The following table reports the main findings of the reviewed literature relating data fusion and FL in fall detection.

Papers

Multimodal Data fusion

Contributions

Limitations

[19,20]

Input-level data fusion provides
convenience subsequent fall detection
tasks.

The data used for fusion have the same
modality and the systems lack users’
privacy protection.

[21,22,22-24]

Feature-level data fusion helps for
improving the accuracy of fall detection,

The features are manually extracted, and
how to choose depends on the
experience of the researcher. Lack of
users privacy protection.

[25,26]

Feature-level data fusion helps for
improving the accuracy of fall detection.

The features used for fusion come from
the same modality and the systems lack
users’ privacy protection.

(28]

Data Fusion at decision Level.

Lack of users’ privacy protection.

[31-35]

The importance of protecting user
privacy is considered, and FL is utilized
to achieve the purpose.

The data used are single modality and
could not provide complementary
information.

[36]

Representation of multimodal data is
realized in FL, and user privacy is
protected.

Data fusion was not achieved and could
not provide complementary information.

Ours

Multimodal data fusion at the input
level provides information
complementation, and the FL-based

system effectively protects users’ privacy.
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I 3. Proposed framework

Overview

Proposed Framework

1. Download the global model from the server

2. Client utilize data fusion module to combine multi-modal data

3. Upload local model parameters to the server

4. Aggregate the obtained local models and update the global model

Server
.. Global mmh-l
model ) :
‘ aggregation / » 0 User i
& Camera E
Global model : .
’rl/:»,»:lu;:;l::’:l‘ ‘ > wh, Local miodel @} Wearable sensor |
W, Wiy W, upload
o l Visual data

(

N & Time series data

M (e |
Client 1 CIient 2 Client k ﬁ '
m n PR Data fusion module i
- =G |

ie AA

Data fusion oez® e Data fusion oei” Data fusion

& Fused data
X Local model
=

e P Global model
\ = Local zctdclj \I.m'al model = x \l.::c'ar;vttrdcl ) _________ ? 2 ’_l_ m_‘t _cj ______ |




I 3. Proposed framework

Multimodal data fusion

Used Data Types
1. Sensor : One-dimensional time series data
2. Camera: Two-dimensional image data

Method for data fusion
1. Encoding sensor data into 2D images
2. Preprocessing RGB Images Using the Stacking Approach

3. Fusion of images into 3-channel data




I 3. Proposed framework

Multimodal data fusion

Encoding of time series data

«  GAF(Gramian Angular field)
* Represent temporal correlations at each pointin time

1. Normalization

—

fT - {ilaiﬁr-“amn}

2. Converting spatial coordinate values to polar coordinate values

¢ = arccos(X,orm.i); ¢ € [0, 7],
r=%;r € RY,

3. Represent temporal correlations as GAF

cos(¢1 + ¢1) cos(pr+¢2) - cos(ér+ on)
CAF — cos(p2 + ¢1) cos(dz2 + ¢2) - cos(da + Pn)
B : : : GAF images of different signals in UP Fall dataset, (a) Ankle accelerometer, (b)
cos(on + ¢1) cos(pn + ¢p2) -+ cos(dn + dn) Ankle angular velocity, (c) Belt accelerometer, (d) Belt angular velocity



I 3. Proposed framework

Multimodal data fusion
Preprocessing RGB Images Using the Stacking Approach
« Data on falls includes both standing and lying images, so using a stacking approach to
include temporal information

1. Obtain the neighboring frames

2. Calculate differences between neighboring frames

3. Convert to grayscale images




I 3. Proposed framework

Multimodal data fusion

Fusion of images into 3-channel data
* Acceleration GAF + Angular velocity GAF + Gray scale Image

Time series data

Acceleration Angular velocity
o i #Ju,,_

DN TN

Xz

GAF image Gray image

X¢ Input-level
fusion

3-channel image




I 3. Proposed framework

Federated learning deployment

FedAvg. Algorithm
* K :Number of communicating clients

B :Local batch size Algorithm 1: FedAvg algorithm.

* E:Number of epochs Require: D = (X ,Y): labeled local dataset; K: number of choosed
clients; B: local batch size; 5: learning rate.
initialize w, at t =0
for each round ¢ do
S, « randomly selected K clients
for all client k € S, do
split D into batches of size B
for each batch » € B do
w:‘_l_l — w, —nVE&(w,;;b)
end for
upload w!, | to server
end for

] K
: Server executes: Wiy < Ek=1

L AR R AT

p—
=

1k
s, Wi

[
[

- end for

[
bo
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4. Evaluation experiment

Datasets

UP-Fall dataset

Camera 2

Camera | o0 e, - A
o

)
<«—— Infrared sensor

Location of wearable sensors

f(; - - e N L -~ - .
1) Falling forward 2) Falling forward
using hands using knees

5) Falling sitting in
empty chair

8) Sitting

> A —

9) Picking up an 10) Jumping 11) Laying
object




I 4. Evaluation experiment

Experimental design

Scenarios setup
1. Binary Classification of Falls (Falls-Non-Falls)
2. Fall activity recognition

Input data

« TS+ C1:Fusion data of time series(sensor) and camera 1
. . . :| Proposed

« TS+ C2:Fusion data of time series(sensor) and camera 2

TS :Time seriesonly

« C1:Camera1only

« C2:Camera2only
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Experimental design

Federated Learning setup

Round : 100(binary) / 200(action)

1.

Model

CNN

-
=
-
=

—

connect

Evaluation Metric

Accuracy

e e ———————
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I 4. Evaluation experiment

Global accuracy

100.01

Fall detection

975
95.01
92.51
90.0 1
87.5 1
85.01
82.51
80.0 1

— TS
— C1
— 2

0

20 40 60 80
Communication rounds

100

Fig. 10. The accuracy curves of global model for fall detection.

Table 3

Accuracy, Precision, Recall, and F1l-score for fall detection.

Accuracy

Precision

Recall

F1

TS + C1
TS + C2
TS
C1
Cc2

99.867 + 0.049
99.927 + 0.041
95.880 + 0.138
96.147 + 0.225
97.561 + 0.197

99.840 + 0.070
99.841 + 0.089
93.938 + 0.313
94.496 + 0.369
96.999 + 0.385

99.867 + 0.071
100.00 + 0.000
97.279 + 0.293
97.251 + 0.297
97.706 + 0.281

99.854 + 0.054
99.920 + 0.045
95.573 + 0.147
95.847 + 0.242
97.346 + 0.210
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Fall detection

400 400
PR 300 o5 300
o o
Qo - 200 L) - 200
o =
T3 - 100 - - 100
c c
g - -0 g - -0
fall non-fall fall non-fall
Predicted label Predicted label
(a) TS + CI (b) TS+ C2
400 400 400
g o 300 g o 300 g e 300
o o o
W - 200 v - 200 v - 200
B = B
c c <
(o] ' o ' =3 '
c ' c
fall non-fall fall non-fall fall non-fall
Predicted label Predicted label Predicted label
(c) TS (d) Cl
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Fall activity recognition

90.0 1
80.0+
70.01
60.0
50.01

TS+ C1
w— TS + C2
s TS
— Cl
— C2

0 25 50 75 100 125 150 175 200
Communication rounds

Global accuracy

40.01 ’
30.01

20.0+

Fig. 12. The accuracy curves of global model for fall activity recognition.

Table 4

Accuracy, Precision, Recall, and F1-score for fall activity recognition.

Accuracy

Precision

Recall

F1

TS + C1
TS + C2
TS
C1
Cc2

89.769 + 0.162
84.097 + 0.234
53.085 + 0.255
70.439 + 0.325
77.732 + 0.415

x
x

90.094 + 0.155
84.546 + 0.253
52.938 + 0.450
70.607 + 0.318
77.777 £ 0.410

89.769 + 0.162
84.097 + 0.234
53.085 + 0.255
70.439 + 0.325
77.732 = 0.415

89.748 + 0.162
83.999 + 0.249
52.286 + 0.360
70.175 £ 0.329
77.416 = 0.428
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Fall activity recognition
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I 4. Evaluation experiment

Discussion

Multi-modal fusion
* Input-level data fusion can provide better classification results
* If building a model with single-modal data, it's better to use image data than sensor data

Federated learning
*  Protected privacy

* Low accuracy for non-IID




e Conclusion

32



I 5. Conclusion

Conclusion

Conclusion

*  Proposed FL-based multimodal data fusion method for fall detection that protects the
security of user information

*  Not exposing user data

* Achieves higher accuracy than single-modal data through input-level data fusion

Future work
* Fusing more modalities of data
+ Building Action Recognition based on federated multi-task learning for multiple purposes

simultaneously

* Applied to other healthcare applications
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I How to apply?

1. Proposed an input-level data fusion method to combine one-dimensional time series data and two-
dimensional visual data to achieve information complementarity

2. Proposed aFL framework that protects user privacy to ensure data security

3. Used benchmark dataset UP-Fall to measure efficiency, improving fall detection performance when
compared to single-modal data
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