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Introduction
P A R T  0 1
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According to population-based ecological studies, the most
common injuries to the elderly (65 and over) and two-thirds
of all serious injuries to individuals are caused by falls. 
The rate of falls are 28-35% for the population over age of 65
and 32-42% for the population over 60 years.
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Objectives
W H A T  W E  W A N T  T O  A C H I E V E

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
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State-of-the-art vision-based activity recognition models for
several datasets.
State-of-the-art inertial sensor based activity recognition
model on UP-Fall dataset.
 First multimodal activity recognition model which recognizes
falls.

1.

2.

3.
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HAR approaches



Inertial
sensor based

Video based Hybrid
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Overall structure of the proposed system (1) 
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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

P A R T  0 2
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Related Literature
H A R  F R O M  V I D E O  D A T A
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Related Literature
H A R  F R O M  I N E R T I A L  S E N S O R  D A T A
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Related Literature
H Y B R I D  H A R  A P P R O A C H E S
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Methods & Results
P A R T  0 3
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HAR approaches



Inertial
sensor based

Vision-based Hybrid
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Methods & Results
V I S I O N - B A S E D  M O D U L E
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f a l l d a t a s e t D M L S m a r t A c t i o n s U P  F A L L

Datasets
M U L T I M E D I A  &  H Y B R I D

J u l y  2 0 2 2 T H E S I S  D E F E N S E

H Y B R I DV I S I O N - B A S E D V I S I O N - B A S E D
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f a l l d a t a s e t D M L S m a r t A c t i o n s U P  F A L L

Datasets
M U L T I M E D I A  &  H Y B R I D
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H Y B R I DV I S I O N - B A S E D V I S I O N - B A S E D
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falldataset

J u l y  2 0 2 2 T H E S I S  D E F E N S E

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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falldataset

J u l y  2 0 2 2 T H E S I S  D E F E N S E

Assigning class weights



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

 

Oversampling & undersampling

Oversampling for ‘Sitting’ class using PIL
library: flipping all images horizontally
◈ Undersampling for ‘Standing’ class
◈ As a result, we have relatively balanced
dataset: 2,300-2,900 images for each class

 

Dealing with imbalanced dataset

w j  =  n _ s a m p l e s  /  ( n _ c l a s s e s  *  n _ s a m p l e s j )
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falldataset

J u l y  2 0 2 2 T H E S I S  D E F E N S E

Assigning class weights: 92.85%
 

Oversampling & undersampling: 92.68%

Accuracy results obtained
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f a l l d a t a s e t D M L S m a r t A c t i o n s U P  F A L L

Datasets
M U L T I M E D I A  &  H Y B R I D
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H Y B R I DV I S I O N - B A S E D V I S I O N - B A S E D
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DMLSmartActions
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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

Twelve classes:
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DMLSmartActions
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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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CNN architecture - DMLSmartAction
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DMLSmartActions

J u l y  2 0 2 2 T H E S I S  D E F E N S E

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

 

Dealing with imbalanced dataset

w j  =  n _ s a m p l e s  /  ( n _ c l a s s e s  *  n _ s a m p l e s j )
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Fold Accuracy

1 86.22%

2 86.24%

3 87.29%

4 87.62%

5 87.02%

6 87.43%

7 87.02%

8 87.16%

9 87.20%

10 85.96%

avg 86.97%

DMLSmartActions

J u l y  2 0 2 2 T H E S I S  D E F E N S E

Accuracy results
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DMLSmartActions

J u l y  2 0 2 2 T H E S I S  D E F E N S E

Further work



1) Developing a script to extract a
desired number of frames from any
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%.
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f a l l d a t a s e t D M L S m a r t A c t i o n s U P  F A L L

Datasets
M U L T I M E D I A  &  H Y B R I D
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H Y B R I DV I S I O N - B A S E D V I S I O N - B A S E D
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the dataset includes six different ADLs as well as five
different kinds of falls

A C T I V I T I E S02

UP Fall
O N E  O F  F E W  M U L T I M O D A L
D A T A S E T S  F O R  H U M A N
A C T I V I T Y  R E C O G N I T I O N  A N D
F A L L  D E T E C T I O N

J u l y  2 0 2 2 T H E S I S  D E F E N S E

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.

M U L T I M O D A L I T Y01
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As a results, CNN model have reached an accuracy
of 98.90% on 5 folds.

R E S U L T02

UP Fall
V I D E O  D A T A  C L A S S I F I C A T I O N

J u l y  2 0 2 2 T H E S I S  D E F E N S E

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

I M P L E M E N T A T I O N01 Fold Accuracy

1 99.22%

2 98.05%

3 99.11%

4 99.21%

5 98.90%

avg 98.90%
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As a results, transfer learning model have reached
an accuracy of 99.6%.

R E S U L T02

UP Fall
V I D E O  D A T A  C L A S S I F I C A T I O N

J u l y  2 0 2 2 T H E S I S  D E F E N S E

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

I M P L E M E N T A T I O N01
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UP Fall
T R A N S F O R M E R S

J u l y  2 0 2 2 T H E S I S  D E F E N S E

random flip, 
random rotation, 
random zoom

We implemented some data augmentation to
prevent overfitting: 

D A T A
A U G M E N T A T I O N
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UP Fall
T R A N S F O R M E R S

J u l y  2 0 2 2 T H E S I S  D E F E N S E

Divided images into 144 patches of 12 x 12.

C R E A T I N G  P A T C H E S
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As a results, transformer model have reached test
accuracy of 99.87%.

R E S U L T02

J u l y  2 0 2 2 T H E S I S  D E F E N S E

Built a transformers model.

I M P L E M E N T A T I O N01

UP Fall
T R A N S F O R M E R S
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HAR approaches



Inertial
sensor based

Vision-based Hybrid

J u l y  2 0 2 2 T H E S I S  D E F E N S E

Methods & Results
I N E R T I A L  S E N S O R  B A S E D  M O D U L E
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Dataset with a total of 756 features.

R E S U L T02

UP Fall
F E A T U R E  E X T R A C T I O N

J u l y  2 0 2 2 T H E S I S  D E F E N S E

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

I M P L E M E N T A T I O N01

Mean
Standard deviation
Root mean squareMaximal amplitude
Minimal amplitude
Median
Number of zero-crossing
Skewness
Kurtosis
First quartile
Third quartile
Autocorrelatio

Mean frequency
Median frequency
Entropy
Energy
Principal frequency
Spectral centroid

Temporal:

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

R E S U L T02

UP Fall
T I M E  W I N D O W  S E L E C T I O N

J u l y  2 0 2 2 T H E S I S  D E F E N S E

I 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.

I M P L E M E N T A T I O N01
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recursive feature elimination with Random Forest.
Final result: 63 features

S E C O N D  P A R T02

UP Fall
F E A T U R E  S E L E C T I O N

J u l y  2 0 2 2 T H E S I S  D E F E N S E

used correlation-based feature selection to
reduce from 756 to 134 features.

F I R S T  P A R T  01
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The accuracy of the model reached 95.6% on 10-
fold cross-validation

R E S U L T02

UP Fall
B A S I C  C L A S S I F I C A T I O N  M O D E L S

J u l y  2 0 2 2 T H E S I S  D E F E N S E

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.

I M P L E M E N T A T I O N01
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The accuracy of the model reached 92.73% on 10-
fold cross-validation

R E S U L T02

UP Fall
L O N G  S H O R T - T E R M  M E M O R Y  N E T W O R K

J u l y  2 0 2 2 T H E S I S  D E F E N S E

Separated out last 10% of the data for testing
Preprocessed the data into sequences of 60
Built an LSTM model

1.
2.
3.

I M P L E M E N T A T I O N01
LSTM with 128 nodes
Dropout layer with rate of 50%
LSTM with 128 nodes
Dropout layer with rate of 50%
LSTM with 128 nodes
Dropout layer with rate of 50%
Fully connected layer with 100 nodes

Model architecture:
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HAR approaches



Inertial
sensor based

Vision-based Hybrid

J u l y  2 0 2 2 T H E S I S  D E F E N S E

Methods & Results
M U L T I M O D A L  A C T I V I T Y  R E C O G N I T I O N
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Feature dataset with 800 features from the two
cameras

R E S U L T02

UP Fall
V I D E O  P R E P R O C E S S I N G  M E T H O D

J u l y  2 0 2 2 T H E S I S  D E F E N S E

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

I M P L E M E N T A T I O N01
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6512 sequences of features for training and 671
sequences for testing

R E S U L T02

UP Fall
C o n v L S T M  n e t w o r k

J u l y  2 0 2 2 T H E S I S  D E F E N S E

Separated out last 10% of the data for testing
Preprocessed the data into sequences of 60
Extracted features from a ConvLSTM model

1.
2.
3.

I M P L E M E N T A T I O N01
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The feature-level fusion model obtained an
accuracy of 85.84% and became the first
multimodal model for fall classification.

R E S U L T02

UP Fall
F E A T U R E - L E V E L  F U S I O N

J u l y  2 0 2 2 T H E S I S  D E F E N S E

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

I M P L E M E N T A T I O N01
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UP Fall
C O M P A R I S O N  W I T H  E X I S T I N G  S T U D I E S

J u l y  2 0 2 2 T H E S I S  D E F E N S E
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Conclusion

Falls is a crucial problem for elderly people. Early detection of falls may
prevent or attenuate possible negative consequences for elderly
people. 
While some of scientific articles focus on fall detection systems based
on scalar body sensors, others apply vision based detection. 
We performed a fusion of inertial sensor based and vision-based
modules for activity recognition and fall detection.

P A R T  0 4
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Thank You
for attention!
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