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Abstract. Fall is one the major cause of death for older people. Detecting the fall plays
a major role in saving lives. There are three different types of fall detection commonly used,
such as wearable, ambient sensor and vision-based methods. This paper presents a real-time
vision-based fall detection system to support the elderly people through analyzing the rate
of change of motion with respect to the ground point. The aim of our work is to provide an
efficient method to detect fall, without wearing any physical devices. The proposed method
is a combination of ground point estimation based on texture segmentation using Gabor filter
and calculates the rate of change of angle. A persons movement is tracked by using a Kalman
filter and calculates the angle between the tracked points with respect to a ground point. For
experimental analysis, we used two public datasets and analyzed parameters.
Key-words: Fall detection, Kalman Filter, Gabor Filter Segmentation, Image Processing.

1.

Introduction

The human fall detection system is very important in todays ageing population. Especially in
South Korea, as the number of elderly people topped 14 percent of the total population according
to the 2017 census by Statistics Korea. Statistics shows that, by 2030 the aged population will be
24.5% of the total population.
Injury is the major cause of death in South Korea. The high incidence of injury in elderly
people increases the risk of public health in South Korea. Hence it is necessary to develop
an injury prevention program that targets the elderly people. The leading causes of the injury
burden are due to road injuries, falls, and self-harm. The burden of road injury and self-harm
have recently shown a gradual decreasing tendency. On the other hand, injuries due to fall tends
to increase among the people in the age group of over 50 years [1].
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The number of falls in South Korea was 250, 600 per year in 2012, placing it at 28th among
188 nations who joined the World Health Organization [2]. A fall is a sudden, unintentional
change in position that causes a person to move quickly downwards onto or towards the ground.
The frequency of falls is increasing with age. About one third of the elderly population aged 65
years or older and about half of those aged 80 years or older experience a fall in a year. The risk of
falling and sustaining injuries is higher in elderly compared to younger individuals. Among the
elderly, fractures of the hip, waist, wrist, and femur are caused by falls. As per statistics, about
80%- 90% of hip fractures are known to be triggered by falls. In addition to physical impairment,
falls affect emotions, leading to functional limitations and impairment. In the elderly, falls are an
important risk factor associated with quality of life. Korea has entered an ageing society with an
elderly population exceeding 14% of the total population in 2017[3]. The statistics are shown in
Fig.1.

Fig. 1. Elderly population based on Statistics Korea.

With the ageing population increases, the risks of falling and fall-related injuries increase
consequently [2]. To ensure safety and improving the quality of the life of the elderly people,
the technology should have an important part, especially for detecting falls and provide proper
aid for the people. To improve the safety of life, recently many researches focus on this area
especially for fall detection among the elderly people. In this paper, we propose a method to
detect falls based on video analysis.
Fall detection can be detected based on the following three methods:
1. Wearable sensor-based methods: In this technique, a sensor is attached to the subjects
body to detect the fall and this will become difficult for some cases. This method produces
more false alarms due to high level of obtrusiveness and there may be a chance to forget
wearing such devices as well [4-7].
2. Ambient sensor-based: This method deploys sensors, externally within the vicinity of the
subject. The most popular sensor is the pressure sensor since weight or vibrational data can
be captured to detect and track the subject. But these methods have several practical and
implementation issues that will increase the rate of false detections. These false detections
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will affect the performance of the system as well as the sensor installation is expensive. In
real life applications where the subject is in a large area of ground, these methods may not
be advisable [8-11].
3. Computer vision-based methods: Compared to the wearable and sensor-based methods,
vision-based fall detection technique is more promising. In this method, people do not
need to carry any type of sensors or other type of hardware, which is the main advantage.
Also, cameras are placed everywhere such as airports, train stations, bus stations, malls,
streets. Majority of the old aged care centers are even equipped with cameras. These
cameras will help us to collect more accurate information compared to multiple sensors.
Computer vision method overcomes the limitations of the other two methods. So, visionbased system will help health care and assistance of the people in a better and accurate
way [12-13].
Because of the rapid increase in technology development in recent years, a lot of research
work is going on this area mainly based on sensors like acceleration and vibration sensors etc
which can potentially overcome the limitations of the wearable and sensor-based methods. The
aim of our work is to provide an efficient method for fall detection without wearing any physical
device or sensors.
Several studies show that, falls are one of the main causes of injury which may even results
in the death of elderly people. We are proposing a fall detection method based on video captured
by the camera. The advantages of this proposed method are:
• No need for additional sensors and no need to wear any physical device;
• Videos captured with a single camera from a real-time situation. (Cameras can be wall or
ceiling mounted and the whole area can be monitored without any human intervention);
• This method is based on 2D images and not considering depth images;
• Cost effective, easy to implement and useful for real-time applications. Whenever a fall is
detected, immediate attention and care can be given to the aged people.
The rest of the paper is organized as follows: In Section 2, a brief review of publications
related to the vision-based fall detection is explained and section 3 describes the proposed fall
detection method. Experimental results are discussed in section 4 and section 5 concludes the
work with some suggestions to future enhancements.

2.

Related Works

Most of the current fall detection methods are based on the wearable sensors. However,
this is difficult for the elderly people since they must always wear the sensors. The intelligent
vision-based fall detection method will overcome this limitation. The fall detection technique
will give mental support to aged people to do their daily activities with much confidence. Falls
are particularly dangerous for people who lives alone, since a significant amount of time can pass
before they receive assistance.
The literature of fall detection methods is mainly focused on sensor and vision-based approaches. In this section, we are mainly focusing previous work related to vision-based approaches.
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Adrian Nunez et al. [14] demonstrates the method for vision-based fall detection using convolutional neural networks. To model the video motion and make the system scenario independent, they use optical flow images as input to the network, followed by a navel three-step
training phase [14]. The major drawback of this system is that the optical flow presents some
issues. For example, with changes in lighting, the system produces displacement vectors that are
not desirable. To compensate this limitation, appropriate training is required which will be an
overhead.
Kishanprasad Gunale et al.[15] implemented the fall detection system four extracted visual
features like aspect ratio, orientation angle, Motion History Image (MHI) and threshold. The extracted feature set are then fed into the five different classification techniques like SVM (support
vector machine), KNN (K-Nearest Neighbors), SGD (Stochastic Gradient Descent), GB (Gradient Boosting) and DT (Decision Tree) for finding the most suitable technique for fall detection.
The experimental results show that, the DT algorithm gives better F-measure value with minimum computational time. Most of the existing fall detection methods are dependent on posture
extraction and classification [16-17]. Fall and non-fall activities can only be detected in some
specific environments by methods of pattern classification. However, all the postures associated
with the fall activities cannot be included and trained, irrespective of the amount of training data
used.
Tao Xu et al. [18] and Naswa El-Bendary [19] reviewed the recent papers of new advancements and challenges of fall detection systems. But these papers mainly focused on the sensorbased approaches which is not within the scope of this research work. Koldo de Miguel et al [20]
demonstrated a method to detect fall among elderly people. They combine several algorithms
such as background subtraction, Kalman filtering and optical flow and tested with 50 different
videos captured from two different locations. However, based on the age and health, there is a
variability of movement pattern which may confuse the detection algorithm.
Lei Yang [21] proposed a method based on Spatio-Temporal Context Tracking of the head
by using (3D) Depth Images that are captured by the Kinect sensor. The head position is tracked
by applying dense spatio-temporal context (STC) algorithm. Distance from the head to floor
plane is calculated and compared with the adaptive threshold method. The centroid height of the
human body will be then used as the second judgement criteria to decide whether a fall incident
has happened or not. The computational complexity associated with this system is low. However,
the major limitation is associated with the tracking scale since scales are highly variable during
the tracking process.
Yoosuf Nizam et al. presented a method for human fall detection using position and velocity
of the subject from a depth image [22]. In this method, the object and floor plane are extracted
and tracked frame by frame. The tracked joints of the subject are then used to measure the
velocity with respect to the previous location. The fall is confirmed, when the joint positions of
the object are on the floor after an abnormal velocity.
Zhen-Peng et al. [23] demonstrated a fall detection method based on tracking the body part
using a depth camera. In this method, they are analyzing the tracked key joints of human body
using a single depth camera. This method is independent of illumination of the lights and can
work even in a dark condition which is one of the major advantages. For key joint extraction, a
pose-invariant randomized decision tree algorithm is used. A support vector machine (SVM) is
employed to determine whether a fall motion occurs, whose input is the 3D trajectory of the head
joint and Hoang Le Uyen et al [24] proposed a video-based method for human fall detection.
There are three major steps in this algorithm. Videos are captured by using a camera and human
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presence is detected using adaptive background Gaussian Mixture Mode and then converted into
a five-dimensional feature vectors using ellipse model. To analyze the features, Hidden Markov
Model is trained with challenging stimulated fall/non-fall database set. Once a fall is detected,
an SMS alert is sent to the assigned phone number. But, these methods need good training for
detecting all types of falls. However, all the postures associated with the fall activities cannot be
included and trained, irrespective of the amount of training data used.

3.

Proposed System

The objective of our algorithm is to detect human fall from a video in a different environment
without using depth images [25]. The primary step for fall detection is human detection from
a video. Once the human is detected, we need to continuously analyze the detected object with
respect to ground point [26]. For ground point estimation we are using a texture segmentation
using Gabor filter [27]. Gabor filter related segmentation paradigm is based on filter bank model
where an input image is applied simultaneously to several filters. The filters focus on a range
of frequencies. If an input image has two different texture areas, the local frequency differences
between the areas will detect the textures in one or more filter sub-images. Gabor filters are extensively used for texture segmentation because of their excellent temporal and spatial-frequency
localization. Kalman Filter is used to track the object point. The angle of the object with respect
to the ground point estimates the rate of change of angle with respect to the centroid. The rate
of change of value will be less when the person is doing normal activities like lying down on the
floor or sitting etc., compared to fall. The block diagram of the proposed architecture is shown
in Fig. 2 and the architecture is explained in the following subsections.

Fig. 2. Flow chart of the proposed fall detection system.
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Human Detection

Detecting a person from the video is the fundamental step of the fall detection system. We
consider indoor videos to test our fall detection algorithm. So, background subtraction is the
better option to detect the moving person from a video. Background subtraction separates the
foreground objects from the background from a sequence of video frames [28]. Object detection
using background subtraction method is shown in Fig. 3.

Fig. 3. Background subtraction (a) input image (b) person detection.

3.2.

Texture Segmentation Using Gabor Filter

In order to detect the ground plane from a video, we are using Gabor filter-based texture
segmentation [29]. Gabor Filters are band-pass filters which are used for feature extraction, and
texture analysis.
A Gabor filter is basically a Gaussian multiplied by a complex sinusoid. In 2D cases, this is
given by equation (1).
h(x, y) = g(x, y). s(x, y)

(1)
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(u, v) are the 2D frequencies of the complex sinusoid, and its orientation is given by
∅ = arctan (v/u)
Gabor filters has various properties that make them particularly suitable for texture segmentation. Gabor function is a band-pass filter that can be tuned to a narrow set of frequency range
anywhere in the frequency domain. Thus, the most important features of a textured image can be
reconstructed using the output of the parameterized Gabor channels.
A texture is defined as a pattern that is perceptually homogeneous. Each texture contains a
narrow range of frequency and its orientation components. By filtering the image with a set of
band pass filters, which are tuned to the most ruling frequency and orientation component of the
texture, each texture can be located. The image is thus passed through multiple channels, where
each of them are finely tuned filters. The output of these filter set us used to determine the regions
occupied by the textures.
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The magnitude of the output of the channel provides accurate information about the location
of the texture. A large magnitude of the channel output implies that, the texture exhibits the
frequency and orientation characteristics of the tuned frequency of the Gabor filter associated
within the channel. On the other hand, when the texture is not dominated by the characteristics,
the magnitude should be negligible small. The region covered by the textures is obtained by
comparing the magnitude of the channels.
More subtle transitions in the texture phase can be estimated using the phase of the channel
responses. A discontinuity in the texture phase is indicated by abrupt change in the phase of
the channel response. Such a discontinuity may appear when the object geometry on which
the texture is applied, is irregular. Note that texture phase analysis is significant only within
regions identified as belonging to a single texture in the previous analysis step. A large set of
Gabor filters process the channel outputs. The resulting information is combined by clustering
to perform texture segmentation.

3.3.

Kalman Filter

The correspondence between objects of previous frame and objects of the current frame is
estimated. Once the moving objects are detected then they are tracked by the tracking system
[30]. For vision-based tracking, a commonly used method is motion estimators. It uses the
position of a detected or tracked target in the previous frames to infer with the most statistically
likely position of the target in the next frame. Mainly used estimators are Kalman Filter and
particle filter.
In our fall detection algorithm, we use point tracking (Kalman Filter). In point tracking, the
detected objects in consecutive frames are represented by points. The tracking is performed by
evaluating their state in terms of position and motion. Tracking is made possible by associating
points across frames. Association of points in one frame to another is based on the previous
object state.
Kalman Filter (KF) is a state transition model and it is a recursive method and hence that new
measurements can be processed as they arrive. It is a method of predicting the future state of a
system based on the previous ones. If all noise is Gaussian, the Kalman filter minimizes the mean
square error of the estimated parameters. The common form of Kalman Filter is represented in
Fig.4. KF has two main steps: First is the prediction step (time updates) and the second is the
correction step (measurement updates).

Fig. 4. Kaman Filter representation.
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The predicted value and covariance matrix are estimated in the prediction step.
To project the state ahead Eq (4) is used
ŷk− = Ayk−1 + Buk

and

(4)

to project the error covariance ahead Eq (5) is used
Pk− = APK−1 AT + Q

(5)

In the correction step, the measurement values and used to do the correction. The correction
step is estimated using equations Eq (6) ,(7) & (8), where:
Kalman Gain is computer using Eq (6)
K = Pk− H T (HPk− H T + R)−1

(6)

Estimates are updated with measurements using Eq (7) and
ŷk = ŷk− + K(Zk − H ŷk− )

(7)

The error covariance is updated using Eq (8)
Pk = (I − KH)Pk−

(8)

Where
• ŷk and Pk− are the predicted mean and covariance of the state, respectively, on the time
step k before seeing the measurement;
• ŷk and Pk are the estimated mean and covariance of the state, respectively, on the time step
k after the measurement;
• K is the filter gain, which tells how much the predictions should be corrected on the time
step k.
Generally, tracking indicates detecting an object from frame to frame.
For the fall detection system, the centroid of the moving object is calculated, and this is
then tracked using the point tracker such as Kalman filter [31]. An angle between the tracked
point and the point from the ground plane is then calculated. The change of angle below certain
threshold can be considered as a fall and on the other hand, a change of angle within the threshold
represents the normal activities like lying down or seating in floor etc. The rate of change of
angle is calculated consistently to confirm a fall. The normal activity will not be a sudden action;
however the fall is a sudden action which results in an abrupt change in the rate of change of
angle. So, constantly monitoring for any abrupt change in the rate of change of angle represents
a fall detection. Fig.5 shows the partially occluded human detection and tracking.
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Fig. 5. Partially occluded human detection and tracking (FDD-lecture room-video14).

4.

Experimental Results

The developed algorithm was implemented in MATLAB 2018b and the performance is evaluated in terms of sensitivity/recall, specificity and accuracy. We have validated our algorithm using
two public data sets. The UR Fall Dataset (URFD) (http://fenix.univ.rzeszow.pl/mkepski/ds/uf.html)
and the Fall Detection Dataset (FDD) (http://le2i.cnrs.fr/Fall-detection-Dataset?lang=fr):
The UR Fall Dataset contains 30 fall videos and 40 Activities of Daily Living (ADL) videos.
All the 30 fall videos are taken from two different locations by using two different cameras. To
test our algorithm, we have considered 15 fall videos from camera0, 15 videos from camera1 and
25 no fall videos. Some of the results are shown in Fig. 6 and Fig. 7.

Fig. 6. Fall detection results URFD (fall) (a) & (b) person tracking (c) & (d) rate of change of angle w.r.t.
centroid.
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Fig. 7. Fall detection results URFD (no falls) (a), (b), (c) & (d) person tracking (e) & (f) rate of change of
angle w.r.t. centroid.

FDD data set contain videos of 4 different locations with different actors. These available
public datasets are recorded strictly in indoor environments with one person in a video. We
tested 40 fall videos [10 falls from each group such as a coffee shop, office, home and lecture
room]. Some of the experimental results shown in Fig.8.
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Fig. 8. Fall detection results FDD (a), (b), (c) & (d) person tracking (e), (f), (g) & (h) rate of change of
angle w.r.t. centroid.

A high peak in the graph represents a sudden change of tracked point with respect to ground
point and the graph very clearly shows the detection of a fall. For example, in Fig. 8 (h), there is
no sudden peak above a threshold value which indicates no falling in that video input.
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Performance evaluation:

For evaluation of the accuracy of the system, we have used three different parameters as
follows
Sensitivity/Recall =

Specif icity =

Accuracy =

TP
TP + FN

(9)

TN
TN + FP

(10)

TP + TN
TP + TN + FP + FN

(11)

Where T P and T N refers to true positives and true negatives, similarly F P and F N refers to
false positives and false negatives.
Sensitivity is an important parameter from others because since the fall detection system is
to detect all fall events. For measuring the performance of the algorithm, accuracy and precision
are equally important as well.
For the performance evaluation, we tested a total of 95 videos. From URFD [30 fall videos
and 25 no fall videos] and 40 videos from FDD. Results are represented in Table 1 and Table 2.
Table 1. Fall detection results
Datasets
No. of Events TP TN
URFD (falls)
30
27
URFD (no falls) 25
24
FDD
40
35
Total Events
95
62
24

FP
1
1

FN
3
5
8

The results of our proposed system is compared with the results obtained by the state of the
art technique in table. 2 and it is clear that the proposed system is more efficient.
Table 2. Performance parameters compared with the state of the art technique
Result
Parameters
[13]
(Proposed)
Sensitivity/recall 91.17 %
82.85%
Specificity
96.00 %
88.00%
Accuracy
90.53 %
84.21%

The start of a fall is detected in FDD data set, whenever the person is inclined around 45
degrees with respect to the floor and URFD detects a fall when an instability if perceived. FDD
contains 4 different scenarios under different locations with different persons. The accuracy in
detecting the fall thus proves the efficiency of our proposed system. We tested the algorithm
with our real-time videos and it has given good results. This is shown in Fig.9. The complexity
associated with the 3D system can be overcome by the simple 2D camera design proposed in this
paper.
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Fig. 9. Fall detection results (a), (b) person tracking (c) rate of change of angle w.r.t. centroid.

5.

Conclusion and Future Works

In this research work, we mainly focus to implement an efficient and low-cost real time fall
detection system for the elderly people with the help of computer vision techniques. We worked
on RGB data to ensure that the fall is detected using 2D images (no depth maps or accelerometer
data). The experimental results and discussion show that the proposed method is efficient and
suitable for real-time fall detection. The proposed method detects a fall based on the combination
of the centroid of a person in the frame and how fast the centroid is moving with respect to the
ground plane. From the experimental analysis ,our system was able to achieve an accuracy of
90.53% with a sensitivity of 91.17% and specificity of 96%.We believe that the proposed visionbased fall detection system will provide advancements in smart real-time application.
As part of future enhancement, we are planning to improve the ground plane segmentation to
reduce the false detections. The public data set is restricted with only one person per video. As
part of enhancing the current work, we are investigating the possibility to detect the falls from
videos where multiple people are present under various conditions and multiple falls within a
single video. Also, we are investigating the possibility of utilizing FPGA (Field Programmable
Gate Array) for real-time processing as part of future enhancement.
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