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Abstract
Automatic human fall detection is one of the major components in the elderly monitoring system. Detection of human fall in 
a smart home environment can be utilized as a means to improve the quality of care offered to elderly people thus reducing 
the risk factor when they are alone. Recently various fall detection approaches have been proposed, among which computer 
vision based approaches offer promising and effective solutions. In this paper, an analysis of fall detection is carrier out 
based on the automatic, feature learning in a hybrid approach. Initially, a model is generated using the training dataset that 
contains samples of both fall and normal active events. Then key frames are extracted from the video sequence that is sub-
jected to two stream classification. The classification results are approved if both the streams project the same results, failing 
so, additional information are used to classify the fall from the normal activity. The selection of key frames depends on the 
displacement in the centroid of the detected object have threshold greater than the predefined value. Experiments show that 
the proposed approach achieves reliable results compared with other methods, and a better result is achieved in our method 
even when training with fewer training samples.
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1  Introduction

With advancement in technology, the use of surveillance 
camera has increased for various applications. Several appli-
cations require storage of surveillance data which may be 
accessed based on demand. Continuous monitoring of sur-
veillance video in real time is a tedious task. Researches try 
to find the solution for the automatic detection of abnor-
mal events without the influence of human monitoring of 
the surveillance videos (Tamura et al. 2009; Wang et al. 
2016; Noury et al. 2007; Alwan et al. 2006; Nasution et al. 
2007). One such application that this paper highlights in the 
automatic detection of fall events from normal day-to-day 

activities. Several work on fall detection techniques has been 
proposed by the researches over the past few decades (Wang 
et al. 2015; Delahoz and Labrador 2014).

In general fall detection techniques can be classified 
into two different categories. The first category is based 
on device-based approaches, which make use of electronic 
devices to automatically detect fall from activities of normal 
living activity. This category can be sub classified into wear-
able device approach and non-wearable device approaches. 
Wearable device approach (Sixsmith and Johnson 2004; 
Kerdjidj et al. 2019; Makhlouf et al. 2018; Lara and Labra-
dor 2013) makes use of information gathered from the elec-
tronic devices like accelerometer, a gyroscope to detect fall. 
The major disadvantage in these methods is that the infor-
mation can be obtained only when the person wear these 
devices in the body which in real time causes inconvenience 
when worn every time. Non wearable device approaches are 
radar based approaches that use embedded devices installed 
in the living room and detects fall based on floor information 
such as vibration, pressure obtained from the sensor based 
embedded devices (Cao et al. 2017; Alwan et al. 2006). 
However, these methods suffer from a high degree of false 
alarm rate since any small change in room environment may 
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sense a pressure difference which could not be actually from 
humans.

The second category is the vision based approach which 
has gained much attention over the past few years because 
of the following advantages. The major advantage of this 
approach is that they do not require any device to be worn 
for the functionality of the fall detection and thus convenient 
in using this in real time applications.

This paper is based on the assumption that the posture for 
an individual differ completely when a person tries to sit or 
lie on the floor during his normal daily activity and when 
he falls on the floor by losing his control. The difference in 
posture helps to detect fall from the normal activity. To avoid 
the time complexity in classification, selective key frames 
are used to classify the fall from the normal activity.

The main novelty of this paper includes applying two 
benchmark methods into one technique and thus increasing 
the robustness of the fall detection method. This paper is 
organized as it follows. Section 2 presents a detailed litera-
ture review of fall detection systems. Section 3 talks about 
the proposed methodology for fall detection and the chal-
lenges in it. Section 4 presents the evaluation and the discus-
sion of experimental results and Sect. 5 concludes the paper.

2 � Related works

In this section, we highlight the recent literature review 
for each of the category namely wearable device based 
approach, non wearable device based approach and vision-
based approach. The most basic, commonly used wearable 
device method is based on accelerometer sensors.

Jahanjoo et al. (2017) proposed a method using a multi-
level fuzzy min–max neural network. This method extracts 
the time and frequency domain features along with the accel-
erometer information which is subjected to linear transfor-
mation for dimensionality reduction. The results are finally 
compared with three other machine-learning algorithms 
namely, multilayer perceptron (MLP), K-nearest neighbors 
(KNN) and support vector machine (SVM). Chen et al. 
(2010) used a tri-axial accelerometer to detect a fall in his 
approach. This paper highlighted a solution with three-level 
fall detection criteria that includes a sum vector magnitude 
of acceleration, acceleration on the horizontal plane and 
the reference velocity. The results of this study show the 
effectiveness of the accelerometer data to detect falls from 
normal activity. Ozcan et al. (2013) made use of wearing an 
embedded smart camera and proposed a fall detection algo-
rithm by extracting the histograms of edge orientations. The 
classification of fall activities is finally done using an optical 
flow-based method. This method is highly prone to false 
alarm rate due to change in lighting conditions, and when 
the person who is wearing the camera changes the room.

Wang et al. (2014) introduced a method by utilizing the 
information from the accelerometer, cardio tachometer and 
smart sensors, to distinguish the fall from normal daily 
activities. Based on this method parameters namely, signal 
magnitude vector (SMV), heart rate, and trunk angle are 
used to determine the accidental fall from normal activity.

Pierleoni et al. (2015) presented a method by using tri 
axial accelerometer, gyroscope, and magnetometer to dis-
tinct fall from normal activity. The orientation information 
of the person wearing it is obtained by MARG (Magnetic, 
Angular Rate, and Gravity) sensor along with the infor-
mation from 3-axis accelerometer, 3-axis gyroscope, and 
3-axis magnetometer used. Sabatini et al. (2016) proposed 
a method using the barometric altimeter to detect he falls 
from normal activity. This method is based on two-stage 
decisional scheme where the first stage of the fall detec-
tion algorithm performs prior-to-impact fall detection using 
the vertical velocity estimate and the second stage analyzes 
features of impact, height change, and posture change, 
singularly or in combination with one another, to perform 
post-impact fall detection. Cao et al. (2012) proposed a fall 
detection system using the motion sensor present in android 
based smart phones. The system termed as E-FallD collects 
the users information such as age, weight and uses an adap-
tive threshold algorithm to detect the fall from normal event. 

All the above mentioned literature is based on wearable 
approaches that use different sensor devices to be worn in 
the body. Most of these approaches are effective in its func-
tionality, which in real time causes inconvenience, distur-
bance to be worn continuously.

However, the limitations in the wearable based 
approaches can be made to overcome using non wear-
able and computer vision based approaches. Few research 
works have been carried in non-wearable based approaches 
and have gained attention compared to wearable based 
approaches. Wang et al. (2017a) proposed a low-cost indoor 
fall detection system by exploiting the phase and amplitude 
of the fine-grained channel state information (CSI) acces-
sible in commodity Wi-Fi device. This method uses the CSI 
phase difference for segmenting the fall activity and the 
sharp power profile decline pattern in the time–frequency 
domain is exploited to maintain its accuracy in fall segmen-
tation. Though this algorithm was robust against illumina-
tion changes, the performance deteriorated with change 
in environment, moving of furniture’s within the same 
environment.

Recently, Junior and Adami (2018) proposed a method 
for fall detection that combined different techniques namely 
thresholds analysis, device orientation analysis, and decision 
trees algorithm together to detect fall from normal activity. 
Garripoli et al. (2014) proposed a method consisting of a 
radar sensor and base station which communicate with each 
other to detect the fall activity. This method is implemented 
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via an embedded DSP processor by making use of least-
square support vector machines. This method, though robust 
with change in environment, the major limitation is that in 
order to detect the fall, the radar sensor should be in com-
munication with the base station round the clock. Wang et al. 
(2017b) proposed a correlation based method to detect the 
fall by making use of the radio signals. The evaluation of 
this technique is done using desktops equipped with com-
modity 802.11n NIC on three typical indoor scenarios with 
several layouts of transmitter–receiver links. With multiple 
activities detected, the efficiency of this method depends on 
the amount of training dataset involved.

Following a similar approach, Kianoush et al. (2017) pro-
posed a method for joint localization and fall detection of 
humans inside the industrial area. Based on this technique, 
the RF based wireless devices are deployed around a work-
space, and the received signal strength is used to locate the 
humans, and their movements. An algorithm based on hid-
den Markov model is defined to detect the activities in the 
working area.

Rimminen et al. (2010) proposed a method by using near-
field imaging (NFI) floor sensor to detect the locations and 
patterns of people by extracting three features related to the 
number of observations, dimensions, and sum of magnitude. 
Finally, two state Markov chain is used for modeling the 
fall and non fall activity while the estimation is done using 
Bayesian filtering.

Although non-wearable approaches have certain advan-
tages, they are also carrier limitations which are to be 
addressed. Non-wearable are more sensitive to external 
noise because of the changes that happen externally. How-
ever, vision-based approaches overcome the above limita-
tions and have gained a lot of attention because of the practi-
cal use in real life.

The commonly used method earlier is the simple thresh-
olding technique to discriminate the fall from an actual daily 
living activity. Rougier et al. (2007) in proposed a method 
using the velocity and change in orientation information to 
detect the fall from normal activity. Rougier and Meunier 
(2010) proposed fall detection using the motion history 
information (MHI) which describes the recency of motion 
information in an image sequence. The MHI likely repre-
sents the flow direction of the motion, which help to classify 
the activity based on the flow direction information. Belshaw 

et al. (2011) made use of silhouette features, lighting, and 
flow features to classify the activity under fall or active liv-
ing. Based on their evaluation, using Multilayer Perceptron 
Neural Network for classification has achieved better results 
with a true positive rate of 92% and a false positive rate of 
5% on the test dataset. Vishwakarma et al. (2007) introduced 
a method to detect a moving object using an adaptive back-
ground subtraction method and used a finite state machine 
(FSM) to continuously monitor people and their activities. 
Though this method extracts features to detect the activity, 
it does not use any classifier technique which could improve 
the accuracy under complex environment.

In this paper, a new approach to vision based method is 
proposed for fall detection based on machine learning algo-
rithm by taking the spatial and temporal information of the 
video data into consideration. Initially, a fall detection model 
is generated by using SVM classification from the training 
dataset. Frames with moving objects having displacement 
greater predefined threshold are selected and subjected to 
two-stage classification. The classification result along with 
other information is used to differentiate the fall from normal 
activity. The details of the method are presented in the next 
section.

3 � Methodology

The proposed method includes the following module. Detec-
tion of human as a foreground object, model generation by 
training data, key frame extraction and two stream classi-
fication using spatial and temporal features. The proposed 
method combines the advantage of spatial and temporal 
components during classification. Figure 1 illustrates the 
overview of the proposed method is shown in Fig. 2 shows 
the overall flowchart of the proposed method. 

3.1 � Foreground segmentation

The algorithm begins by segmenting the moving foreground 
person from the scene. One of the commonly used methods 
for foreground extraction is by using background subtraction 
which detects the moving person by subtracting the current 
frame from the background model. In order to segment the 
moving human of the surveillance video in real time, an 

Fig. 1   Main framework of our 
proposed methodRETRACTED A
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adaptive background mixture model is used Stauffer and 
Grimson (1999) which is fairly robust against illumination 
changes, and shadows. Each pixel is modeled as a mixture 
of Gaussian and the algorithm uses an online approxima-
tion to update the background. The update policy used here 
allows the system to adapt the change in lighting condition 
and objects that stops moving. Each pixel is classified as 
foreground or background based on the association of the 
pixel intensity with the background model.

3.2 � Training of fall and normal activity postures

In this section, the spatial and temporal model is gen-
erated by training the two different classes of data. As 

stated earlier it is assumed that the fall activity and non-
fall activity have different postures. Figures 3, 4 shows 
some examples of normal and unintentional fall postures. 
Few samples for both the fall and normal activities are 
collected from selected videos. These are then trained 
separately as fall and normal activities and a model is gen-
erated using SVM. The spatial model is generated with 
the training samples that resemble the posture of fall and 
normal activities. Temporal model is generated with the 
use of optical flow features obtained by Lucas. Kanade 
optical flow method discussed in Lucas and Kanade (1981) 
that consider the displacement of pixels from two different 
frames. Being a two class classification problem, linear 
kernel is used in SVM.

Fig. 2   Flowchart of our pro-
posed method
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Fig. 3   Training samples for normal activity
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3.3 � Key frame extraction

Random selection of key frame may not yield a better 
result in classification. This is because randomly key frame 
selected may not have features that are trained in advance 
which yield to poor classification. Moreover to train all 
the possible features is a challenging needless task and is 
also increases time complexity. Here the key frames are 
selected based on the assumption two that any abnormal 
fall that happens has higher horizontal or vertical or both 
the movement maximum compared to the normal moving 
activity. To select the frames based on the above-said cri-
teria, the position of centroids of the foreground region is 
found and frames that have a maximum that has maximum 
horizontal and vertical displacement are targeted. Figure 5 
depicts the result for the absolute difference in movement 
of the centroid of the foreground object in the horizontal 
and vertical direction for both fall activities.

3.4 � Classification of using key frame

Once the key frames are selected based upon the accelera-
tion of movements from the centroid of the foreground 
objects, they are subjected to activity detection to classify 
under two different classes namely fall or normal activity.

3.4.1 � Two stream architecture for classification

With several classification architectures available, this 
approach takes the benefits of spatial–temporal features and 
thus obtain high gain in classification rate. In order to attain 
the benefits of both spatial and temporal features, here a 
hybrid method that uses two different methods for classifi-
cation are used. The selected key frames from the incoming 
data are subjected to spatial and temporal classification.

The optical flow vectors are extracted for the key frames 
are used for temporal classification. The optical flow for both 
the fall and normal activity differ in its features and this used 
as a merit for the two different classes in temporal classifica-
tion set. Figure 6c shows the result of optical flow vectors 
for a frame number 52 obtained from frame number 51 of 
a fall sequence.

If both the classification sets give a different set of class 
output the final evaluation is done based on the information 
obtained from change in orientation of the elliptical pattern for 
the moving foreground object. With several classifiers avail-
able, SVM classification is preferred over technique is because 
of the fact that, linear SVM can be modeled with less training 
samples and highly efficient for two class linear classifica-
tion. There are few constrains in implementing fall detection 
in real time. The most general constrain is that the devices 
are designed and tested under controlled conditions, where 
the dataset for falls and normal activities of young people 

Fig. 4   Training samples for fall activity

Fig. 5   Absolute difference of 
the displacement of the centroid 
for a fall-13 sequence
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simulated. To collect real time fall detection data from elderly 
is seldom possible. Another challenge is that the analysis of 
this approach is tested in with data under daylight illumination 
condition, while evaluation of the approach under night vision 
has to done in future.

4 � Experimental results

The effectiveness of the proposed system is evaluated in this 
section. The fall detection method proposed in the paper is 
implemented using MATLAB on the machine having configu-
ration of Intel Core i5 2.90 GHz CPU with 8 GB of RAM. UR 
fall detection dataset is used to validate the performance of the 
algorithm. This dataset contains 70 videos with 30 falls and 
40 activities of daily living sequences. Being a vision-based 
approach, we have considered only the RGB images of the UR 
dataset sequence.

4.1 � Performance measures

In order to evaluate the performance of the proposed method, 
the following parameters are used. True positives (TP) denotes 
the number of falls events detected correctly. True negatives 
(TN) represent the correctly detected normal activities by the 
algorithm.

False positives (FP) denote the normal activities detected 
as a fall event and False negatives (FN) represents the number 
of falls event detected as a normal activity. With the help of 
TP, TN, FP, FN the parameters namely accuracy and error 
rate, Sensitivity, Specificity are calculated and compared with 
other existing systems.

Accuracy denotes the correctness of the classification rate 
while the error rate represents the incorrect classification rate. 
The formula to calculate accuracy and error rate are as follows.

(1)Accuracy =
TP + TN

TP + TN + FP + FN

(2)Error rate =
FP + FN

TP + TN + FP + FN

Sensitivity is defined as the ability to detect fall events 
and is given by,

Specificity is defined as the ability of the system to rec-
ognize normal activities and is given by,

Precision is also called as a positive predictive value and 
is given by,

In order to generate the model for classification, a total 
of 200 samples of the frame from four video sequence are 
used as training dataset. Two models are generated while 
one represents the spatial features where each frame are 
trained individually. The other being temporal model is 
extracted using the optical flow information from the 250 
frames from five different video sequence. The results for 
video classification for the proposed system with the spa-
tial features and the combined approach are discussed in 
Tables 1 and 2. Table 1 show the performance of the pro-
posed fall detection approach using spatial features as input, 
while Table 2 illustrates the performance of the proposed 
fall detection approach by combining both the spatial and 
temporal features.

In Table 3, the performance of the proposed technique 
is compared with the other earlier existing algorithm Kep-
ski and Kwolek (2015). The evaluation parameter namely 

(3)Sensitivity =
TP

TP + FN

(4)Specificity =
TN

TN + FP

(5)Precision =
TP

TP + FP

Fig. 6   Optical flow vectors of frame no. 51 and 52 for fall 27-cam0-rgb sequence

Table 1   Performance of fall detection on frontal URFD data 
sequences with spatial features as input

Events Fall detected Daily activity 
detected

Parameters

Fall 30 0 Accuracy = 88.57%
Daily activity 8 32 Error rate = 11.42%
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the accuracy, precision, sensitivity, and specificity of the 
proposed system is compared with the existing methods. 
The evaluation is done by considering all the key frames 
that are subjected to classification.

Based on the evaluation the system outperforms the 
existing system in terms of accuracy, sensitivity, and spec-
ificity. Moreover, the existing system only makes use of 
the depth information to detect its features. The advantage 
of the system also lies in the fact that this method does 
not require foreground technique to yield accurate results. 
Enhancement has to be made in further research for video 
data with multi view approach.

5 � Conclusion

In this paper, a novel approach to fall detection is ana-
lyzed, by integrating the merits of two different systems as 
one technique. This technique gains novelty by incorporat-
ing a system modeled by the spatial and temporal train-
ing features of the fall detection data. A two stage SVM 
classifier is used to detect fall from the normal activity. 
With two models handling different spatial and temporal 
features, the experiment shows that the proposed method 
can be robust in performance with fewer training sam-
ples when compared with other state-of-the-art methods. 
The proposed technique is highly efficient with reduced 
classification error rate. Also when conflicts occur in the 
classification of spatial and temporal models additional 
parameters are used to classify the incoming key frames. 
Moreover, the system can be further improved and the 
robustness can be maintained by training with large data-
set and cameras with multiple views involved.
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