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Introduction

PART O1

e According to population-based

ecological studies, the most

common injuries to the elderly (65 and over) and two-thirds

of all serious injuries to individua
e The rate of falls are 28-35% for t

S are caused by falls.

ne population over age of 65

and 32-42% for the population over 60 years.
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Objectives

WHAT WE WANT TO ACHIEVE
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To be able to properly analyze and identify
various activities performed by humans in
home conditions

To prevent some health issues caused by
falls by identifying them correctly in early
stages
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Main contributions

1.State-of-the-art vision-based activity recognition models for

several datasets.

2.State-of-the-art inertial sensor based activity recognition

model on UP-Fall dataset.

3. Fi

fa

rst multimodal activity recognition model which recognizes
S.
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Inertial
sensor based

HAR approaches

Video based

Hybrid
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Overall structure of the proposed system (l)
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Overall structure of the proposed system (2)
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Overall structure of the proposed system (3)
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Review of
Related Literature

PART 02
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Related Literature

HAR FROM VIDEO DATA

12

Collected data, actions,
2Ola DML SmartActions PV il including
falls
DML —
2019 | SmartActions public CNN 82.41% .a"'l“"(;l?s’
dataset meuding
falls
6 actions,
2020 LU B 3D ConyNet 90.79% | including
public dataset
falls
5 actions,
2020 Collected data LiteFlowNet 93.74% including
falls
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Related Literature

HAR FROM INERTIAL SENSOR DATA

11

47

2019 | Collected data Bi-LSTM 96.00% | . ©actions,
including falls
SisFall, UmaFall 5 4 actions,
el public datasets S 307 including falls
USC-HAD, :
2017 | WISDM, Shoaib | Amev 95.00% | . [ actons,
public datasets 8 &
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Related Literature v

HYBRID HAR APPROACHES

47

UR Fall 5 Binary
A dataset Sl 98.33% classification
Random Forest, .
2019 UP-Fall gy ionN, Multi- | 95.889% | L1 actions,
dataset including falls
Layer Perceptron
Collected o 11 actions,
2021 data RNN + CNN 100% including falls
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Methods & Results

PART O3
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Methods & Results

VISION-BASED MODULE

HAR approaches

1

Inertial Vision-based
sensor based

Hybrid
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falldataset

Datasets

MULTIMEDIA & HYBRID

DMLSmartActions
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UP FALL

-
‘ Sitting b
- |

VISION-BASED
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VISION-BASED

HYBRID
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Datasets

MULTIMEDIA & HYBRID

DMLSmartActions UP FALL

VISION-BASED HYBRID
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falldataset
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Four classes:

Three of which correspond to
common human body positions:
& Standing

@ Sitting

@ Sleeping (Lying)

One class which corresponds to an
emergency:.

@ Falling down
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CNN architecture - falldataset
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2 fully connected

layers (64)
Convolutional Convolutional Convolutional

layer 1 (32) layer 2 (32) layer 3 (32) )

Max pooling Max pooling

Max pooling

R P
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Output layer
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Dealing with imbalanced dataset

Assigning class weights Oversampling & undersampling
Class weights were assigned Oversampling for ‘Sitting’ class using PIL
based on the number of samples library: flipping all images horizontally

4 Undersampling for ‘Standing’ class
@ As aresult, we have relatively balanced
dataset: 2,300-2,900 images for each class

of each class.

wj = n_samples /| (n_classes * n_samplesj)
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Assigning class weights: 92.85%

Confusion Matrix

Fallen - 496 22 32
Sitting - & 281 3
2
5
w
b=
=
Sleeping - 13 15 426
Standing . 14 18 14
o O S
QE & &
July 2022

24

1000

800

600

400

+ 200

Accuracy results obtained
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Oversampling & undersampling: 92.68%

Confusion Matrix

True label

Fallen

17

Sitting - 14
Sleeping 26 g
Standing - 3 15
o O S )
(2 & & o
‘<§ > z.""'Q\ ‘bob
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400

300

- 200
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Datasets

MULTIMEDIA & HYBRID

falldataset UP FALL

— 3
Sitting b 3 I

VISION-BASED | VISION-BASED ] HYBRID

N — S y—— N ——
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DMLSmartActions

Twelve classes:

falling down

drinking

dropping and picking up
something on the floor
picking up something
putting something
cleaning the table
reading

sitting down

standing up

using a cellphone
walking

writing

22

47

THESIS DEFENSE



DMLSmartActions

To find an optimal architecture for
the CNN model, we have
Implemented hyperparameter
optimization with grid search and
visualized performance metrics of
our models.
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epoch_accuracy

0.8 +

L

2-conv-0.2-dropout-1-dense-1616311594/train
2-conv-0.2-dropout-1-dense-1616311594/validation
2-conv-0.2-dropout-2-dense-1616317521/train
2-conv-0.2-dropout-2-dense-1616317521/validation
2-conv-0.5-dropout-1-dense-1616313610/train
2-conv-0.5-dropout-1-dense-1616313610/validation
2-conv-0.5-dropout-2-dense-1616319484/train
2-conv-0.5-dropout-2-dense-1616319484/validation
2-conv-0.8-dropout-1-dense-1616315562/train
2-conv-0.8-dropout-1-dense-1616315562/validation

Smoothed Value

0.8699
0.8793
0.8644
0.877

0.7603
0.7962
0.7864
0.8349
0.1738
0.1725

0.88
0.8848
0.8724
0.882
0.7994
0.8282
0.8186
0.8574
0.1738
0.1749

Step Time

= T o o e o = 7= B U= Y =

Sun Mar 21, 13:38:00
sun Mar 21, 13:38:00
Sun Mar 21, 15:16:07
Sun Mar 21, 15:16:07
sun Mar 21, 14:10:53
Sun Mar 21, 14:10:53
Sun Mar 21, 15:48:49
sun Mar 21, 15:48:49
Sun Mar 21, 14:43:26
Sun Mar 21, 14:43:26

Relative
10m 10s

10m 10s
9m 39s
9m 39s
9m 37s
9m 37s
9m 39s
9m 39s
9m 38s

9m 38s
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CNN architecture - DMLSmartAction :

Convolutional Fully connected layer (256)

Convolutional Convolutional layer 3 (32) B
layer 1 (32) layer 2 (32)

Max pooling Max pooling

Max pooling

Output layer

l

-
.....

PPYT TETTILILII I Ty
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Dealing with imbalanced dataset

e Class weights were assigned based on the
number of samples of each class:

wj = n_samples / (n_classes * n_samplesj)
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ACCuraCy reSUltS Confusion Matrix
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47
Further work '
1) Developing a script to extract a
desired number of frames from any

00001 _organized-00100 0001 _ongarimed-00101

video.
2) Building a CNN model for
DMLSmartActions depth videos.

As a result, the CNN model from depth
videos obtained an accuracy of 83.14%.

00001_argarared- 00104
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0
Sitting |

VISION-BASED

Datasets

MULTIMEDIA & HYBRID

VISION-BASED
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UP Fall

ONE OF FEW MULTIMODAL
DATASETS FOR HUMAN

ACTIVITY RECOGNITION AND
FALL DETECTION MULTIMODALITY

consists of the data from wearable sensors (the 3-
axis accelerometer, the 3-axis gyroscope and the
ambient light value), six infrared sensors, EEG
headset, and two cameras.

ACTIVITIES

the dataset includes six different ADLs as well as five
different kinds of falls
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UP Fall

VIDEO DATA CLASSIFICATION

IMPLEMENTATION

After frames were preprocessed, | have utilized the
architecture of CNN model that | built previously
for DMLSmartActions dataset to perform activity
classification.

RESULT

As a results, CNN model have reached an accuracy
of 98.90% on 5 folds.

July 2022
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Fold Accuracy
1 99.22%
2 98.05%
3 99.11%
4 99.21%
5 98.90%
avg 98.90%
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VIDEO DATA CLASSIFICATION

IMPLEMENTATION

Alternatively, | have implemented transfer
learning with ResNet50 (trained on ImageNet),
with one dence layer of 128 nodes added in the
end.

RESULT

As a results, transfer learning model have reached
an accuracy of 99.6%.
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UP Fall

TRANSFORMERS

DATA
AUGMENTATION

We implemented some data augmentation to
prevent overfitting:

e random flip,

e random rotation,

e random zoom
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UP Fall

TRANSFORMERS

CREATING PATCHES

THESIS DEFENSE
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Divided images into 144 patches of 12 x 12.
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TRANSFORMERS

IMPLEMENTATION

Built a transformers model.

RESULT

As a results, transformer model have reached test
accuracy of 99.87%.
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Vision Transformer (ViT)

/,’-_-\\
Class
Bird MLP \
Ec.ﬂ Head

Transformer Encoder
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Methods & Results

INERTIAL SENSOR BASED MODULE

HAR approaches

Inertial Vision-based
sensor based

Hybrid
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UP Fall

FEATURE EXTRACTION

IMPLEMENTATION

For each wearable, infrared sensor in the dataset,
12 temporal and 6 frequency features were
extracted.

RESULT

Dataset with a total of 756 features.

July 2022

Temporal:
e Mean
e Standard deviation

36

47

e Root mean squareMaximal amplitude

e Minimal amplitude

e Median

e Number of zero-crossing
e Skewness

e Kurtosis

e First quartile

e Third quartile

e Autocorrelatio

Frequency:
e Mean frequency
e Median frequency
e Entropy
e Energy
e Principal frequency
e Spectral centroid
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UP Fall

TIME WINDOW SELECTION

IMPLEMENTATION

| used three different feature datasets depending
on the window size: (a) one-second, (b) two-
second and (c) three-second. All the feature
datasets consider 50% of overlapping.

RESULT

As a results, 1-s window length promotes the best
performance on RF, SVM, KNN

July 2022
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Moving Wimcdow
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UP Fall

FEATURE SELECTION

Pre-Selection Report mergeD 3&1.5

100.0 -
FIRST PART 7/
97.5 +14
used correlation-based feature selection to N
&£ 95.0 1
reduce from 756 to 134 features. =
E 92.5 -
S 90.0 -
=
SECOND PART S .
&
recursive feature elimination with Random Forest. EEva BN Accuracy
. Precision
Final result: 63 features T
R Bl FlScore
CIJ lID EID 3|D 4ID 5:[] EID

Number of Features [-]
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UP Fall

BASIC CLASSIFICATION MODELS

IMPLEMENTATION

The features selected by recursive feature
elimination method were used for classification
model training. The machine learning algorithm

used for activity classification was Random Forest.

RESULT

The accuracy of the model reached 95.6% on 10-
fold cross-validation
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True label

1

11 +

Avg. Confusion Matrix RF mergeD
4X7%{0.060.01 0.000.000.010.08 0.000.00 0.000.22 0.00

0.100:8:#0.00 0.010.010.000.01 0.000.000.000.230.02
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0.000.000.000.000.000.020.36 0.00#5+810.000.01 0.00
0.000.000.000.000.000.000.000.000.00400.000.00

0.010.000.000.000.000.000.000.000.00 0.00[ex=}:10.00

0.010.040.000.000.000.010.000.000.000.000.09sx:5

20 4
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Predicted label

39

1.0

0.8

0.6

- 0.4

- 0.2

0.0

47

THESIS DEFENSE



40

47

UP Fall

LONG SHORT-TERM MEMORY NETWORK

| M P I_ E M E N T A T I O N Model archltecture:
e LSTM with 128 nodes
l.Separated out last 10% of the data for testing e Dropout layer with rate of 50%
2.Preprocessed the data into sequences of 60 e LSTM with 128 nodes
3.Built an LSTM model e Dropout layer with rate of 50%

e LSTM with 128 nodes
e Dropout layer with rate of 50%

RESULT e Fully connected layer with 100 nodes

The accuracy of the model reached 92.73% on 10-
fold cross-validation
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Methods & Results

MULTIMODAL ACTIVITY RECOGNITION

HAR approaches

Inertial Vision-based
sensor based

AN

Hybrid
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UP Fall

VIDEO PREPROCESSING METHOD

IMPLEMENTATION

Optical flow method is a methodology that allows
calculating the apparent displacements of objects
In an image sequence.

RESULT

Feature dataset with 800 features from the two
cameras
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UP Fall =\ (A

""" Accelerometer
RGB Camera Gyroscope

ConvLSTM network

IMPLEMENTATION

l.Separated out last 10% of the data for testing : :
2.Preprocessed the data intO Sequences Of 60 St S IR l
3.Extracted features from a ConvLSTM model ' ' ' :

ConvLSTM LSTM
Extracted Extracted
R E S U I_ T Features Features
6512 sequences of features for training and 671 R i s S R 1
sequences for testing Concatented
: Multilayer
Perceptro
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UP Fall & (R

""" Accelerometer
RGB Camera Gyroscope

FEATURE-LEVEL FUSION

IMPLEMENTATION

After concatenating features obtained from LSTM _ _
and ConvLSTM, we defined a new model and AR l
trained a multilayer perceptron on the ' ' ' '
concatenated features.

Extracted Extracted
R E S U I_ T Features Features

ConvLSTM LSTM

The feature-level fusion model obtainedan sl bodeorseduelualusbedsadsedual,
accuracy of 85.84% and became the first Concatenated
multimodal model for fall classification. Wty
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COMPARISON WITH EXISTING STUDIES
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Ref Modality | Classification Type Model Accuracy

1] vision-based binary CNN 95.64%

2] inertial binary LSTM 93.17%

o : . : SVM, LR, DT,

3] inertial binary RF, KNN. NB 967-99%
proposed | vision-based multi class CNN 98.55%
proposed | vision-based multi class Transformer 99.87%

. : Transfer learning,
proposed | vision-based multi class ResNet50 99.7%
: : LSTM -+
proposed | multimodal multi class ConvL.STM 85.84%
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Conclusion
PART O4

e Falls is a crucial problem for elderly people. Early detection of falls may
prevent or attenuate possible negative consequences for elderly
people.

e While some of scientific articles focus on fall detection systems based
on scalar body sensors, others apply vision based detection.

e We performed a fusion of inertial sensor based and vision-based
modules for activity recognition and fall detection.

July 2022
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