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Abstract— Personalized monitoring and its application is
increasing with the advancement of technology. And
during pandemics its become very essential to keep an eye
on the prone area and one of the area to identify was old
age home. Dizziness, unconsciousness, and others are the
common problems associated with elderly people due to
weakness and this was also the symptoms of covid. So an
unusual activity of falling of elderly people was very
difficult to identify and also to monitor. The technology
was updated till now to identify posture of normal activity
such as running, walking, jumping and many but revert to
that falling was an area need to explore. During the fall of
an elderly person, the injuries are very fatal, and to void
this case we proposed a design to identify the fall and try
to notify the system about its fall. Although we try to
predict the fall so that it becomes easy to monitor and
provide medical help as soon as possible. The main theme
is to identify the posture activity and once identify we will
compare the activity with trained datasets and if it’s
normal in vision them no notification occurred and if the
percentage of falls was high then we can predict the system
as fall video.
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l. INTRODUCTION

Many elderly are living alone during this lockdown
and can have limited access to various facilities especially to
medical help also. Various methods of technology has evolves
to identify and monitor the activities related with it. And hence
to monitor further about its fall it’s very essential and
important to predict the fall of a person.

A surveillance camera will be available to capture the
activity of elderly people and feed continuous video into the
system for training part and for modeling purpose. There are
two procedures to follow, first one is to feed those videos to
the activity model and second step is to compare the activity
frames with dataset and predict the fall. People above 65 age
have the problem of weaker muscle and may lead to
collapsing which affect critical injuries. An unusual activity
model was creates to predict the fall with reference to the
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video feed. It will definitely help to resolve the issue of
unusual activity and estimate the fall quickly and efficiently
[1]. The World Health Organization, falls are defined as an
event in which a person will rest on the ground or at any lower
level. There are an estimated 646,000 fatal accidents every
year, the second leading cause of death from accidental
injuries, after road injuries. Worldwide, mortality rates are
very high for adults over the age of 60. More than 50% of
trauma related hospitals are seen in people over the age of 65.

[2].

A fall also causes a hip fracture, another common
problem in the elderly. According to Health Quality Ontario,
the average time taken to treat an emergency at Kingston
General Hospital (KGH) is 3.1 hours. With the rising cost of
health care and the elderly with chronic illnesses, there is an
urgent need to move elderly patients from hospitals to other
care facilities such as smart retirement homes. [3].

Il. LITERATURE SURVEY

In [5], These applications offer methods for
determining if a person is walking, running, jumping, jogging,
or falling, among other actions. Fall detection is especially
significant among these activities because it is a common and
dangerous event for people of all ages, with a
disproportionately adverse effect on the elderly. Sensors are
typically used in these applications to detect abrupt changes in
a person’s movement.

Post measurement is introduced as a feature removal
process that allows RGB images to be represented by human
bone sets, with the most prominent bones in each image being
considered. [5]

Shobhanjana Kalita et. al. Extended CORE9 was
utilized to provide a qualitative spatial description of the video
activity for human activity recognition. A graph structure may
be used to encode the spatial description of an activity
acquired using Extended CORE9 as well as the time
information.  For  human-human and  human-object
interactions, extended CORE9 has been wused. They
demonstrate how Extended CORE9 may be used for single-
person tasks in this article.

For human-human or human-object interactions,
including geographical information within a graph
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representation gives classification results that are similar to the
state-of-the-art [2].

Two steps are followed in this system: Only the
acceleration data can be utilized for activity recognition in this
system, which increases classification accuracy by extracting
features from the autocorrelation function and the power
spectral density of both the acceleration and angular velocity
data.

It is worth noting that the fall detection accuracy for
QSVM and EBT is 100 % with no false alarms, which is the
greatest possible performance [4].

Falls can be noticed in elderly individuals who live
alone in their homes, and a disabled person may experience
specific occurrences such as falling, making it necessary to
watch the actions of the elderly. This study introduces the
accelerometer sensor and RFID technology, which may be
used to track the activities of senior citizens.

To improve performance and recognise diverse
actions, use the KNN classifier. Future study will concentrate
on developing a device-free activity recognition system for the
elderly, based on the use of inconspicuous, low-cost passive
RFID tags. [3]

Two wearable accelerometers, stitched inside elastic
sportswear and positioned on the belly and right thigh, make
up the system. On a laptop, the raw sensor data received over
Bluetooth is used to recognize the user’s actions and to detect
falls. The RAReFall system incorporates two accelerometers
inside elastic sportswear, which are worn on the abdomen and
right thigh, respectively. The AR and FD are carried out on a
laptop with raw sensor data obtained through Bluetooth.

It was intended for real-world performance, therefore
it employs a combination of rather mature yet carefully tuned
techniques. Because the competition environment is more
realistic than most AR assessments, our performance at the
competition demonstrates RAReFall’s practical usefulness. [1]

Create a system which will predict the fall also,
minimize the fatal accident happens to elderly people due to
falling. Overcome the problem associated with fall of elderly
people which cause a critical injuries or other. Then track the
activity of elderly people by continuous monitoring. Vision-
based devices have the same drawback as ambient devices:
they have to be installed in multiple rooms to cover a larger
area of interest. Another challenge is the treatment of privacy
because images from a real person’s life are involved. Privacy
preserving Deep Learning.

A solution is a system that processes all visuals on
the edge (Edge Computing), does not send any images at all
but sends an alert when the fall has been detected. Another
option is sending images only when the fall has been detected
(Edge Al with data offloading), those images can be blurred
easily to avoid facial recognition from third parties (Face
Blur).

PROPOSED SYSTEM
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Recently, several approaches for privacy-preserving
deep learning have been introduced. There are several issues
with computerized detection of falls the usage of video
surveillance cameras  (top-quality video adjustment,
converting lighting conditions cause difficulties in picture
processing, tasks human beings carry out every day with sure
moves inclusive of falls). Therefore, it's miles almost not
possible to build a video system with 100% acquisition
accuracy. We intend to create a system as it should be hit upon
in at least 85% of cases.

One of the first issues is the selection of surveillance
cameras. Video recordings are taken with luxurious, superb
cameras (e.G. Axis video cameras) that include a high diploma
of video compression (e.G. Mpeg4) that could extract non-
photographic fabric. If the room is lit utilizing natural mild,
night, and day changes, weather situations and artificial
lighting fixtures will substantially affect the changes in light.
These modifications must be taken into consideration while
keeping apart transferring objects from a fixed domain. In
addition to these modifications in light, modifications inside
the heritage can occur because of transient actions that
encompass for instance converting seats or moving an e-book.
Such facilities ought to be included within the background. So
it's far great to construct a website once in a while. Every other
hassle with lights is the prevalence of thinking (shades are
frequently lighter than ordinary) and the shadow of moving
items (colors are darker than regular). They can reason
troubles if they're observed to be shifting. Often, the first-rate
hassle in segregation could be insufficient differences and
differences among a person and a background, for instance,
someone sporting a white robe walking in front of a white wall
or a colored object on foot in the front of a crowded area
within the background.

IV. METHODOLOGY

To do the system more accurate the database needs to
gather videos associated with the falling pattern. Once the data
was gathered we need to monitor the falling frames and divide
them into fall and not falling postures. With the help of falling
frames, it becomes easy to identify the real view of falling of a
person by comparing the real-time or dataset falling video
with the frames we classified.

1) Sequence of Execution:
¢ Input data signals from dataset or real-time camera.
Pre processing of input data to generate frames
through segmentation.

Feature are extracted for specific activity.

Models for specific activity was created.

The generated values were compared with an ideal
value and fall detection or not was justified.
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Fig. 1. Depicting the flow of the system for fall
detection

2) To clarify the above diagram more clearly the
following procedure was provided:

The input dataset video or a real-time video
was sent to justify the fall. This video was then split
down into frames, which were then scaled, turned
into activity sequences, and delivered to the Activity
Recognition and Fall Detection Models. The actions
in the frames are recognized by the activity
recognition model. From the datasets where the
comparison values were obtained, this sequence of
actions is then transmitted to the constructed model.
This sequence of actions is classed as abnormal if
these values are less than the optimum value. Fall
activities need to identify so early to provide the
help urgently.

Activities For Recognition

Usual activities which identified of constant posture
Walking

Working at Computer (working PC).

Standing Up, Walking and Going up/down stairs.
Standing.

Going Up/Down Stairs (stairs)
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e Clapping
e Jumping
e Running
e  Seating

e Bending

PREPROCESSING

1. Conversion of videos into frames:

This process was done after classifying the videos
into various frames and that frames were stored for training
with input sequence. The input will be either the stored video
or from a live camera. The patterns of the frames were resized
for 300 * 300 pixels.

2. Frames Conversion:

These resized frames were converted into a sequence
of activity and extracted its features in comparison with the
dataset model and help to predict the fall. The intensity of
frames was different from other frames surrounding.

State Classification

The k-Nearest Neighbors (KNN) algorithm is used
within the current state recognition system by topics. KNN
can be a machine learning algorithm, in which a new set of
information read and it is compared to the same well-known
data, and the value, fall or fall, is given in all state calculations
in government and distance to nearby neighbors. The KNN
algorithm takes the angle, subject ratio, and three most up-to-
date values for ratio change speed as input. The output is
either a fall or not fall state.

FLOWCHART

1. Sequence of Execution:

e Input data signals from dataset or real-time camera.

e  Preprocessing of input data to generate frames
through segmentation.

e Feature are extracted for specific activity.

e  Models for specific activity was created.
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Fig. 2. Flowchart of the system

V. RESULTS

1) Selecting the Input :

Fig. 3 shows the selection of the input. This window helps
to select the input video sequence which we need to
generate the frames for training part and model creation.
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Fig.3 Selecting the input

2) Selection of Video :

Fig. 4 shows the selection of the video. The dataset consist
of video stored will be selected from the specified path and
the frames was generated.
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Fig.4 Selection of video

3) Frames Generation :

The selected video generates the frames that was shown in
the window during execution of the video. The frame
generation step shows in fig. 5.
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Fig. 5 Frames generation
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4) Selected Frame :

Fig. 6 shows the frame from the video to be selected to
identified the fall of the person and detect as the falling
video if the falling percentage was high as described.

% Figure 1 - [m} X

Selected Frame

o 50 100

&l €[] +[Q|=
Fig. 6 Selected Frames

5) Feature Extraction :

During detection of fall the extraction process was
conducted so as to generate the feature classification for
identification and comparison with fall features. The fig. 7
shows the result of feature extraction process.

%, Figure 1 - =] X

Fig. 7 Feature Extraction

6) Performance Estimation :

The accuracy, sensitivity and selectivity of the fall video
was displayed as per the detection of the falling frame.
Following fig. 8 gives accuracy, sensitivity and selectivity.
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Fig. 8 Performance Estimation

7) Detection of Fall or Not :
This window will display and predict the fall with highest
accuracy of detection of the fall shows in fig. 9.

Fig. 9 Detection of fall or not

VI. CONCLUSION

The way of living of elderly people alone during this
lockdown and can have limited access to various facilities,
especially to medical help also. This method is helpful to
identify and monitor the activities about falling of an elderly
person. The use of surveillance cameras will be available to
capture the activity of elderly people and feed continuous
video into the system for training part and modeling purposes.
Two procedures were proposed and design of which the first
one is to feed those videos to the activity model and the
second one is to compare the activity frames with the dataset
and predict the fall. People above 65 age have the problem of
weaker muscle and may lead to collapsing which affects
critical injuries. An unusual activity model was created to
predict the fall with reference to the video feed. It will help to
resolve the issue of unusual activity and estimate the fall
quickly and efficiently. Further, it will be extended as a part of
the research.
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