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A B S T R A C T

A new algorithm, namely 𝑍−numbers-based deep feature thresholding (𝑍−DFT) is described for handling the
issue concerning uncertainty that arises while classifying various fall and no-fall events in complex scenarios
in both indoor (viz., home and hospital) and outdoor (viz., construction area and road). The 𝑍−DFT consists
of four phases: (i) object detection and tracking, (ii) feature extraction, (iii) feature thresholding and rule
generation, and (iv) 𝑍−numbers-based analysis for quantifying the reliability of the detected falls. Unlike
state-of-the-art methods, 𝑍−DFT uses both OpenPose and object-level features. This enables better modeling
of both indoor and outdoor falls. New object-level features considered are change in area, aspect ratio, speed
variation, and change in direction of the detected objects. The detection of fall locations involves two phases,
viz., probable location and specific location. The probable location corresponding to each OpenPose and
object-level feature is determined based on its statistical information. The commonality of these probable
locations results in the specific location which is determined by framing linguistic rules using all the features.
𝑍−numbers computed with features further reflect the reliability of detection. The characteristic features of
𝑍−DFT are demonstrated over eighteen real-time videos acquired from YouTube8M and UR Fall data, along
with its superiority claimed over ten state-of-the-art algorithms.
1. Introduction

The event, ‘Fall’ is considered as a dreadful anomaly, as it can affect
a person physically as well as psychologically. Fall can lead to a differ-
ent level of injury even death ultimately, if immediate help/support is
not provided. According to the World Health Organization (WHO) [1],
fall is the second leading cause of unintentional major injuries or
deaths worldwide. Annually, an estimated 684,000 individuals globally
succumb to their death due to fall incidents. While senior citizens
constitute a large majority of this population; disabled people, children,
and traffic accidents also account for a major portion of the casualties.
The consequence of fall in busy road is most dreaded as compared to
the other type of falls [2]. Hence, it is essential to develop a real-time
fall detection system for detecting both indoor (i.e., home and hospital)
and outdoor (i.e., construction area and road) falls to mitigate their
impacts, thereby enhancing the human-safety.

The fundamentalism of video surveillance system in traffic stems
from the fact that even minor interruptions to its flow, it causes
widespread congestion. Traffic accidents may result in pedestrian fall
which causes pedestrian-related life-altering injuries and even fatalities.
Therefore, it is necessary to develop and install a real-time fall detection
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system at road-intersections to reduce the response time of medical
dispatch units, potentially saving the pedestrians. The pre-causationary
action after fall detection can prevent multi-vehicle collision as well
as the further endangerment of the fallen person in order to save
life. While, in this study, we have developed a real-time fall detection
system that can automatically detect both indoor (i.e., home) and
outdoor (i.e., construction area and road) falls in complex scenarios.
Moreover, this system can abate the severity of fall-related injuries
by ensuring prompt and timely medical assistance. This enhances the
human-safety.

Over the years, a wide number of techniques have been developed
to build an efficient fall detection system. However, researchers have
largely focused on single-fall detection system designed for senior
citizens residing in old-age homes [3,4]. Several number of studies have
been focused on multi-falls in construction area [5]. Both are restricted
to simple scenarios. This necessitates the development of a generic fall
detection system which can be used for both single- and multi-falls
in a variety of complex scenarios. The general fall detection system
consists of five phases, such as (i) Phase 1: learning the characteristics
of fall events, (ii) Phase 2: installation of the surveillance camera for
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capturing every minute detail of a scenario, (iii) Phase 3: development
f a fall detection algorithm, (iv) Phase 4: training/validation, and (v)
hase 5: testing the developed fall detection algorithm over live stream
ideos by connecting the system (where the algorithm is installed) to
he surveillance camera through an IP address. We have contributed
o the aforesaid third phase (i.e., development of a fall detection
lgorithm) and fourth phase (i.e., training/validation). Conventional
all detection methods consist of three stages, including object detection
nd tracking, feature extraction, and feature analysis for classifying the
vent as ‘‘Fall’’ or ‘‘No-Fall’’. Conventional learning techniques used for
bject detection and tracking are categorized into supervised (object
ith class information) and unsupervised (object without class informa-

ion). Unsupervised learning-based techniques do not require labeled
ata for training. But these techniques are restricted to the occlusion-
ree scenarios. On the other hand, deep CNN (for supervised learning)
as remained the most popular choice due to its proficiency in pattern
ecognition, but it is restricted to the training classes. An unprecedented
pen-source library for person class is already developed [6]. Thus,
aving been trained on a suitable amount of person data, deep CNN
s effective in person detection and tracking, and feature extraction.

Various deep learning-based techniques are focused on fall de-
ection, but, these techniques are restricted to huge amount of fall
ncident related data, which may not be available or affordable always.
herefore, it is required to adopt unsupervised learning-based feature
nalysis (based on feature thresholding) followed by supervised object
etection for modeling falls in real-time scenarios. Although a large
umber of research [7,8] have focused on fall detection, they may fail
o handle uncertainty issues arising between various ‘Fall’ and ‘No Fall’
vents under complex scenarios. Moreover, the algorithm designed for
ndoor fall detection may not be applicable for outdoor fall detection.
his is due to the nature of fall is varied from video to video. It
reates uncertainty in describing the characteristics of falls. The said
ncertainty issue should be addressed in order to detect the falls in
oth indoor and outdoor scenarios and differentiate the fall event from
he no-fall event. To address the issues, we have developed a new algo-
ithm, namely 𝑍−numbers-based deep feature thresholding (𝑍−DFT).
he 𝑍−DFT has four-fold tasks: (i) object detection and tracking, (ii)
eature extraction, (iii) feature thresholding and rule generation, and
iv) 𝑍-numbers-based quantification for reliability analysis of detec-
ion [9]. For object detection, deep CNN-based detectors are broadly
lassified as one-stage detectors [10] and two-stage detectors [11].
ne-stage detectors (e.g., YOLO and its variants) are good in having

nference speed but achieve less detection accuracy as compared to
wo-stage detectors (e.g., RCNN and its variants) [12]. A two-stage
etector, namely Granulated RCNN (G-RCNN) [11] is used in this study
or object detection task. After detection, bounding boxes are fitted over
he detected persons. The bounding-box information is further used for
he tracking task.

After detection and tracking task, deep features are extracted from
ach detected person. Unlike state-of-the-art methods, in 𝑍−DFT, both
penPose and object-level features are considered. This enables an

mproved modeling of both indoor and outdoor falls. The spatial in-
ormation for each detected person is fed to a deep model, namely
penPose model [13] (consisting of multi-stage CNN) for extracting
penPose features that estimate human pose. Posture features are very
ffective in modeling fall events where the body parts of each detected
erson are clearly visible in videos. People are clearly visible in videos
epresenting the areas, including home, hospital, and construction area.
n the other hand, in road, due to complex traffic, a person may be
artially occluded by another person or vehicle. In this case, all body
arts of that person may not be clearly visible in videos. Therefore,
bject-level features are considered along with OpenPose features to
mprove the modeling of falls. Various object-level features, such as
hange in area, aspect ratio, speed variation, and change in direction
2

re considered in this study. i
Both OpenPose and object-level features are analyzed for defining
hresholds in order to detect the approximate/probable locations of
alls. This enables an automated updation of thresholds based on the
nformation of video contents, thereby holding the generalization ca-
ability. Using these features and their thresholds, two linguistic rules
re defined for combining the probable locations in order to find the
pecific locations of falls. Further, to ensure the detection, 𝑍-numbers
re computed using the feature thresholding score which is obtained
rom all OpenPose and object-level features. Rule generation followed
y fuzzy layer neural network-based classification can be effective in
andling the uncertainty issue [14]. A recognition system combining
he fuzzy set theory and approximate reason is effective in handling
he imprecise patterns of data [15,16]. 𝑍-numbers are the advanced
ersion of these methods. A recent study [17] reveals how the concept
f 𝑍-numbers can be used in video processing to explain a scene
ith certainty in the form of natural language. Therefore, to obtain

he reliability of detected falls, we have quantified the performance
f rule-based system using 𝑍-numbers. The generated rules combined
ith 𝑍-numbers-based quantification handle the uncertainty arising
etween various ‘Fall’ and ‘No Fall’ events under complex scenarios.

The developed 𝑍−DFT algorithm is embedded within the video
urveillance system for fall detection, thereby making a system, called
all detection system. Effectiveness of the developed 𝑍−DFT algorithm
or fall detection has been demonstrated extensively over eighteen
ideos containing both ‘Fall’ and ‘No Fall’ events in indoor (i.e., home)
nd outdoor (i.e., construction area and road). A comparative study
s done with some state-of-the-art methods to show the superiority of
he developed 𝑍−DFT algorithm. It is also proved that our developed
−DFT algorithm is able to overcome other issues, including gener-

lization capability in applying to multiple situations with complex
cenarios.

Based on the aforesaid discussions, the novelties of our study can
e summarized as follows: A new algorithm, namely 𝑍−numbers-
ased deep feature thresholding (𝑍−DFT) is developed for handling the

uncertainty issue that arises during the classification of various ‘Fall’
and ‘No-fall’ events under complex scenarios. Unlike state-of-the-art
methods, in 𝑍−DFT, both OpenPose and object-level features are used
or enhancing the modeling of both indoor (viz., home and hospital)
nd outdoor (viz., construction area and road) falls. In 𝑍−DFT, some
eatures are derived from both OpenPose and object-level features. The
hreshold for each OpenPose and object-level feature is determined
sing its statistical information (i.e., mean and standard deviation)
nd is used to obtain the approximate/probable locations of falls. Two
inguistic rules are defined using all the features and their thresholds for
btaining the specific locations of falls. 𝑍-numbers are computed based
n the feature thresholding scores to obtain the degree of reliability for
all detection.

The rest of the paper is organized as follows: Section 2 presents the
elated works. A conceptual framework of general fall detection system
s described in Section 3. Section 4 presents the developed 𝑍−DFT
lgorithm. In Section 5 the results are discussed. Finally, we conclude
his study and state some future scopes in Section 6.

. Related works

In general, the fall detection techniques have three phases: (i)
bject detection and tracking, (ii) feature extraction, and (iii) feature
nalysis. A brief review on object detection and tracking is presented
n Section 2.1. The techniques used for feature extraction and feature
nalysis are majorly classified into two categories: (i) machine vision
nd (ii) feature-based analysis. Related studies on machine vision and
eature-based analysis for fall detection are discussed in Sections 2.2
nd 2.3, respectively.

.1. Object detection and tracking

Some key literature on object detection and tracking are presented

n the following sections.
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2.1.1. Object detection
Literature on object detection are categorized into two classes, such

as image processing [18] and deep learning [11,19]. In the former
category, object detection is done by following two steps: (i) generation
of the foreground region proposal and (ii) classification of objects
belonging to the said region proposal. Background subtraction is done
in [20] for obtaining the foreground regions using either temporal
difference or symmetry (local) of an image patch. In [21], Histogram
of gradients (HoGs) of convolution features is used for extracting the
object regions. Various features, such as edge, spatial/color/temporal
similarity, and Haar-like features are well in object detection [22]. The
Gaussian Mixture Model (GMM) is one of the powerful background
modeling algorithms [23]. It helps in pixel modeling with the help
of weighted mixture of Gaussian. On the other hand, granulation
(i.e., clustering) is the strong paradigm for object detection by handling
the uncertainty issue arising between various object and no-object
regions. Aforesaid image processing-based techniques are useful for
region proposal but not for object classification.

With the presence of rich training data, deep network can provides
promising results for person detection [12]. Deep network-based object
detectors are categorized into two class, such as two-stage detectors and
one-stage detectors [12]. Two-stage detectors include Faster RCNN [19]
and its variants [12], whereas, one-stage detectors involve YOLO and
its variants [24]. Although one-stage detectors are speeder, two-stage
detectors achieve high accuracy. In this study, we have used two-stage
detector for the detection task, as fall detection task is highly sensitive
to the detection accuracy. In earlier study, we have developed a two-
stage detector, namely granulated region convolutional neural network
(G-RCNN) [11], which is an advanced version of Faster RCNN. A trade
of between accuracy and speed is maintained in G-RCNN. Therefore, in
this study, G-RCNN (a two stage-detector) is used for person detection.

2.1.2. Object tracking
Object tracking task is followed by the detection task. In object

tracking, either pixel-level features or object-level features are used
for data association. Region-based tracking [25,26] is unsupervised,
where image parts are connected based on color, intensity, and texture-
statistics. Contour-based [27,28] tracking is an unsupervised approach,
where the bounding boxes corresponding to detected objects are up-
dated dynamically at each time increment. These two approaches may
not be applicable to occluded scenarios. Among various unsupervised
approaches for tracking, model-based approach [29,30] is also popular.
This produces good tracking accuracy but the major limitation is the
requirement for an accurate geometric model of object. The issue
of obtaining accurate geometric object model is solved by the deep
network-based detection techniques. Therefore, model-based approach
may show good tracking accuracy after getting the accurate detected
regions. Thus, we have adopted model-based approach in this study
for object tracking.

2.2. Machine vision for fall detection

Due to the significant improvement in machine learning and deep
learning, machine vision-based techniques become predominant in fall
detection [11]. A few related studies on machine learning- and deep
learning-based fall detection are discussed in Sections 2.2.1 and 2.2.2,
respectively.

2.2.1. Machine learning-based techniques
Popular machine learning techniques for fall detection are Support

Vector Machine (SVM) [31,32], Decision Tree (DT) [33,34], Naive
Bayes (NB) [35] and K-Nearest Neighbors (KNN) [36]. A fall detection
instrument, namely ‘iTUG’ is developed for fall detection using logistic
regression [37] based on the data collected from 69 participants (26
falls and 43 non-falls). In [38], a gradient boosting DT classifier is
used to detect falls using human posture features. The method also
3

has an inbuilt alarm to notify authorities about the fall event. In [39],
multi-layer perceptron and random forest are trained using both the
spatial and temporal information corresponding to pose features. All
these methods are restricted to a huge amount of training data which
may not be available always.

2.2.2. Deep learning-based techniques
Recently, deep learning-based methods gain much attention in the

domain of machine vision due to their ability of self learning based
on useful features [40]. Various studies [5,41–43] on deep learning
are focused on indoor and outdoor falls. In [41], two deep networks,
DCNN and LSTM are combined for fall detection. DCNN is used for
extracting object location and feature extraction. Whereas, LSTM is
used to classify the fall event by aggregating the temporal information
corresponding to the extracted features. Another deep learning-based
technique [43] combines gated recurrent units (GRUs) with CNN for fall
detection. LSTM-prediction followed by OpenPose feature extraction is
used in [5] for fall detection. A combination of two fold tasks, including
(i) context-aware method for data acquisition using the infrared depth
array sensors and (ii) deep learning (3D-CNN) for ‘Fall’ or ’No Fall’
classification, was able to achieve high accuracy but mis-classifies
alternative heat sources as persons, leading to inaccurate results [44].

Some other deep learning-based methods, including CNN + LSTMs
and RNN + LSTM are well-known for fall detection [7]. Auto-encoders
have also been gaining some attention in recent years due to the
efficient manner in which they are able to learn data coding for
unsupervised learning-based models [45]. CNN-based model is used
in [46] for detecting a sequence of frames containing fall incident.
Recurrent Neural Networks (RNNs) with underlying LSTM blocks is
used in [47] for fall detection. A novel framework for fall detection,
known as DeepFall is developed in [48]. DeeFall uses spatio-temporal
convolutional auto-encoder for training using the spatial and tempo-
ral features. Non-invasive sensing method is used here for extract-
ing the features from videos which contain traffic activities. In [42],
LSTM/GRU model is trained using OpenPose skeleton for fall detection.
However, aforesaid studies are focused on indoor falls designed for
citizens residing in homes and(or) outdoor falls designed for persons
working in construction area.

The uncertainty arising between various ‘Fall’ and ‘No Fall’ events is
not addressed in both machine learning-based and deep learning-based
techniques. In machine vision techniques, huge amount of training
data is required which may not be available always. They also lack
in generalization in practical applications as they are generally trained
on simulated data. Moreover, for training of deep network, GPU having
high capacity is required which may not be affordable always. The is-
sues of ‘unavailability of data’ and ‘GPU requirement’ can be addressed
in feature-based analysis. A detailed review on feature-based analysis
for fall detection is presented in next section.

2.3. Feature-based analysis for fall detection

As feature-based analysis follow unsupervised learning, it is useful
when there is an unavailability of training data. In feature-based analy-
sis, features are computed using a set of parameters and evaluated with
a set of rules (based on some thresholds) to model a event as ‘Fall’ or
‘No Fall’. Therefore, features as well as thresholds are chosen carefully
to enhance the efficacy of the feature-based model [49]. As feature-
based methods are training independent, these methods are able to
achieve results at a relatively faster pace than machine vision-based
methods. Two-kinds of features, namely pose features and object-level
features are very effective in modeling falls. A few related studies on
pose features and object-level features based analysis for fall detection
are discussed in Sections 2.3.1 and 2.3.2, respectively.
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2.3.1. Pose features-based analysis
Several researches are done on pose estimation models for ex-

tracting the region containing human and corresponding pixel-related
features [8]. In [50], a method is developed using a tri-axial accelorom-
eter and gyroscope for capturing data and pose features-based analysis
for fall detection. While the model is able to effectively detect falls, it
has been trained on simulated data and thus may not be appropriate
for real-life complex scenarios. A single-person fall detection method is
demonstrated in [51] using vision-based capturing device and Open-
Pose feature thresholding-based classification. However, the model
faces certain limitations when it encounters insufficient difference in
color between the subject’s clothes and the background. In [52], key
points of human skeleton are extracted using OpenPose model and are
used for formulating rules for fall detection. In [53], the MobileNetV2
network is trained with OpenPose features for fall detection. As ‘Fall’ is
directly related to the characteristics of human pose, pose features are
more representative than object-level features. But in case of complex
scenarios, human pose may not be clearly visible in videos. In such
cases, object-level features are effective in modeling falls. Some key
literature on object-level feature-based analysis for fall detection are
presented in the next section.

2.3.2. Object-level features-based analysis
Object-level features are very effective in modeling fall events under

complex scenarios. A concept called ‘Adaptive Directional Bounding
Boxes’ is used in [54] for obtaining the bounding box over the detected
object. Features, such as aspect ratio and center-of-gravity correspond-
ing to this bounding box are used for fall detection. Torso angle and
centroid height are also effective in detecting the fall event [55]. Ratio
of the observed silhouette area can also be helpful in fall detection [56].
Feature threshold based on the stationary time spent by the center-of-
gravity of the silhouette is used [57]. In [58], human bounding volume
is used for modeling four type of falls. A multi branch deep network is
developed in [59] using context, object features, and detailed semantic
part cues for fall detection.

Based on the aforesaid discussion, the research issues are summa-
rized as follows.

(i) Most of the studies are focused on both single- and multi-falls in
either indoor (i.e., home and hospital) or outdoor (i.e., construc-
tion area) having occlusion-free scenarios.

(ii) Very few studies have been concentrated on complex scenarios,
but these are restricted to construction area.

(iii) Either OpenPose or object-level features are used for modeling
falls.

(iv) No research on handling the uncertainty issue arising between
various ‘Fall’ and ‘No Fall’ events under complex scenarios.

(v) Usage of simulated data restricts the model’s usage in out-
door scenarios and real-life applications. Moreover, there is a
significant shortage of training data in this field.

In order to address the aforementioned issues, the present study
ontributes as follows:

(i) A new fall detection algorithm, namely 𝑍-numbers-based fea-
ture thresholding (𝑍−DFT) is developed by incorporating both
OpenPose and object-level features along with rule generation
and 𝑍-numbers-based reliability analysis.

(ii) Unlike state-of-the-art methods, in 𝑍−DFT, both OpenPose and
object-level features are used for better modeling of both indoor
and outdoor falls. Some key features, such as change in area,
speed variation, and change in direction are derived using the
knowledge of object-level features.

(iii) The detection of fall locations involves two phases, such as
probable location and specific location. Thresholding criteria for
each OpenPose and object-level feature is defined in order to
obtain the probable/approximate locations of falls. Whereas, two
linguisting rules are defined using all OpenPose and object-level
features in order to obtain the specific locations of falls.
4

(iv) 𝑍−numbers are computed using the feature thresholding score
in order to obtain the reliability of detected falls.

(v) The defined linguistic rules along with the 𝑍−numbers-based
quantification handle the uncertainty issue arising between var-
ious ‘Fall’ (i.e., indoor and outdoor falls) and ‘No fall’ events
under multiple situations with complex scenarios.

A detailed methodology of 𝑍−DFT is presented in Section 4. The
conceptual framework of general fall detection system is presented in
the next section.

3. The conceptual framework of general fall detection system

The conceptual framework of general fall detection system is pre-
sented in Fig. 1. This framework has five phases: (i) gathering knowl-
edge about the characteristics of fall event, (ii) installation of CCTV,
(iii) development of fall detection algorithm, (iv) training/validation,
and (v) implementation, explained as follows.

3.1. Characteristics of fall event

At first, it is imperative to comprehend the types of fall events
occurred in outdoor (e.g., road) and indoor (e.g., home) areas. There-
fore, a multi-disciplinary team (consisting of both safety professionals
and technical experts) is formulated. Safety professionals have detailed
knowledge about the characteristics of fall events; whereas, domain
experts have knowledge about how to model the characteristics of such
events. Safety professionals should know the orientation of the installed
camera and characteristics of the fall event (which is to be modeled by
technical experts). Based on the aforesaid two information, technical
experts can develop algorithm for modeling the fall event. As said ear-
lier, real-time fall detection is required in order to send immediate help
to the fall location for mitigating the impact of fall. Therefore, initially,
as per the knowledge of safety professionals, technical experts should
gather knowledge about various type of falls and develop algorithm for
modeling both indoor and outdoor falls in complex scenarios.

3.2. Installation of CCTV

Before start the analysis, proper places are identified for installing
the CCTV to monitor the traffic scenarios. CCTV is installed at a
slight elevation in the road side to capture every minute details. The
number of cameras to be installed, is decided by the safety professionals
based on the requirement. Here, cameras are installed to capture falls.
The videos of falls are further used for validating the fall detection
algorithm.

3.3. Development of fall detection algorithm

In this phase, the characteristics of falls is modeled by technical
experts using the domain knowledge. The developed fall detection
algorithm should have generalization capability, so that it can be
applicable in both indoor and outdoor areas. Keeping this in mind, we
have developed a semi-supervised algorithm, namely 𝑍−DFT for fall
detection, as explained in Section 4. The 𝑍−DFT works on unsuper-
vised rule generation followed by feature extraction, and supervised
detection and tracking.

3.4. Training/validation

Next phase is the training/validating of the developed fall detection
algorithm. As already defined, the developed 𝑍−DFT algorithm is
semi-supervised in nature. In 𝑍−DFT, object detection is done in the
supervised way, whereas, feature analysis is done in the unsupervised
way. Therefore, no training is required for 𝑍−DFT, Only validation of

𝑍−DFT is done using some videos acquired from UR Fall data.
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Fig. 1. Conceptual framework of general fall detection system for improving human-safety.
3.5. Implementation

This operation consists of two important steps: (i) testing the de-
veloped algorithm (𝑍−DFT) over real-time videos and (ii) adopting
remedial actions in the post-detection of the fall event. The vali-
dated 𝑍−DFT algorithm is tested over eighteen videos acquired from
YouTube8M, and UR Fall data. After achieving the convincing testing
accuracy, the developed algorithm can be tested on live stream-videos
(24 × 7) using an IP address of the camera. After the detection of a
fall, a document containing the information of location-stamp, time-
stamp, and a video clip is generated. Moreover, an alarm is generated
in the control room to make safety personals vigilant, so that they
can provide an immediate help to the fall-location for mitigating its
impact. The generated video clips contain pre-scenario and scenario
of the fall event, thereby enhancing the capability for recognizing the
reason of fall. The video clips can be used in future to aware people
about the behavior related causes of fall. The training of persons is done
to rectify their faults, so that the number of fall, related to the abnormal
behavior of person is reduced. Moreover, after analyzing the reasons,
correct preventive measures (related to road, vehicle, floor, and(or)
environment conditions) should be taken by concerned authority to
stop re-occurring the cause (related to road, vehicle, floor, and(or)
environment) of fall. In this way, human-safety can be enhanced.

From the aforesaid discussion, it is evident that the effectiveness of
fall detection system depends on the accurate detection of falls using
a fall detection algorithm. The developed 𝑍−DFT algorithm for fall
detection is explained in the next section.

4. 𝒁−DFT

An overview of the developed 𝑍−DFT algorithm is exhibited in
Fig. 2. Initially, frames are extracted from the input video. Object
(i.e., person) detection and tracking is then performed over the video
frames, as explained in Section 4.1. Thereafter, both OpenPose and
object-level features are extracted from the detected and tracked ob-
jects, as described in Section 4.2. The extracted features are analyzed
for generating rules in order to obtain the specific locations of falls. This
is explained in Section 4.3. To further obtain the reliability of detections
in terms of linguistic descriptions, 𝑍-numbers are computed based on
these features, as presented in Section 4.4.

4.1. Person detection and tracking

Frames that are extracted from video, are fed to the detector for
person detection. After detection, person tracking is done over the
consecutive frames. Methods used for person detection and tracking are
stated in Sections 4.1.1 and 4.1.2, respectively.

4.1.1. Person detection
A two stage-detector, namely G-RCNN [11] is used for person

detection. G-RCNN incorporates the concept of granulation (i.e., clus-
tering) within the deep network for object detection task. In G-RCNN,
both spatio-color and temporal information corresponding to the first
pooling layer (of the deep CNN used in G-RCNN) are used for obtaining
the spatio-temporal granules which represent the approximate object(s)
location. Spatio-temporal granules are the common regions between
spatio-color and temporal granules. Here, satio-color granules represent
both static and foreground objects. Whereas, temporal granules define
5

the foreground regions. Due to the noise, some undesired regions (cor-
responding to the background) might belong to the temporal granules,
thus resulting in vagueness in the detection of foregrounds. Therefore,
the commonality between temporal and spatio-color granules indicates
the regions that correctly represent the foregrounds.

The deep network, namely granulated AlexNet (G-AlexNet) [11]
is developed and used as a feature generator in G-RCNN. G-AlexNet
has five convolution layers (namely Conv1, Conv2, Conv3, Conv4, and
Conv5), three pooling layers (namely Pool1, Pool2, and Pool5), three
granulation layers (namely, Granule1a, Granule1b, and Granule2), an-
chor layer, and three fully connected layers (namely, 𝐹𝐶1, 𝐹𝐶2, and
𝐹𝐶3). The G-AlexNet takes images/video frames as input and generates
the reduced feature maps with several channels (number of channels is
equal to the number of filters used in each layer) after the operation
at each convolution layer. At each channel of Pool1 map (feature
map generated after the average pooling operation at Pool1 layer),
features corresponding to both spatio-color and temporal information
are extracted and used in the Granule1a and Granule1b layers, respec-
tively. In these two layers, both spatio-color and temporal granules
are formed using quad tree decomposition and three point estimation,
respectively. Then, the commonality between these two granules is
considered as spatio-temporal granules formed over Granule2 layer.
The spatio-temporal granules represent the approximate objects regions
and are passed to the next layer (i.e., Conv2 layer) for extracting
deep features corresponding to the object(s) region. This reduces the
searching space, and increases the detection speed. The Pool5 map is
the final reduced feature map obtained from G-AlexNet architecture.
In G-RCNN, biases are used for each operation corresponding to each
layer. Therefore, Pool5 map may contain some irrelevant features. To
remove these irrelevant features, the pixel location (in the input image)
corresponding to both Granule2 and Pool5 layers are considered as
regions of interest (RoIs). The features corresponding ot these RoIs are
used for classification task.

For the classification task, masks of different scales and aspect ratios
slide over the RoI-map. These masks are called anchors. Nine anchors of
sized (10 × 14, 14 × 10, 14 × 14, 28 × 20, 20 × 28, 28 × 28, 56 × 40,
40 × 56, 56 × 56) are used in this study. The two-dimensional pixel
array for representing each anchor is called anchor feature map. Then,
the anchor maps are resized with the input image (i.e., the size of input
which is used to train the classifier used for the detection task). The
sequence of anchor maps are fed to the classifier (SVM) through the
three fully connected layers (𝐹𝐶1, 𝐹𝐶2, and 𝐹𝐶3) for the task of person
classification and bounding-box fitting. Here, ReLU [11] activation
function is used. In G-RCNN, two type of losses, namely classification
loss and bounding-box regression loss are combined to obtain the total
loss. This loss is back propagated from the Pool5 to Conv1 layers for
parameter tuning for obtaining better accuracy. Learning rate of 0.01
is used. Weights and biases of each layer are initialized with 0.001
and 0.0001, respectively. Gradient search algorithm is used here for
training. After the detection, detected persons are tracked, as explained
in the following section.

4.1.2. Person tracking
The tracking task is followed by the detection task. In this study,

feature-based tracking is done for the detected persons. As said earlier,
person detection is done over each frame using the G-RCNN. The
location and class information corresponding to all detected persons
are used for tracking. The process of tracking consists of two steps: (i)
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Fig. 2. Flowchart of 𝑍−DFT algorithm.
the estimation of state-space which already obtained from the detection
task, and (ii) the association of estimated state-space from frame to
frame. After detection, each detected person is fitted by appropriate
bounding-box. The information of eight-dimensional state space, such
as co-ordinate of left corner, height, width, aspect ratio, and velocity
of the detected bounding-box are used as features for tracking. Using
the said information, data association is performed to generate the
trajectories corresponding to the detected persons.

Association of the spatio-temporal information for a detected person
over the consecutive frames is done to obtain the trajectory correspond-
ing to the same person. The spatial information of a detected person in
a frame is called the track-let of its trajectory. Let 𝑂𝑖, 𝑀 , and 𝑇𝑗 be the
𝑖th detected object in 𝑓𝑡, total number of track-lets present in 𝑓𝑡−1, and
𝑗th track-let present in 𝑓𝑡−1, respectively. Then, 𝑂𝑖 is associated with a
track-let (lying nearest in the previous frame) using Eq. (1).

𝑂𝑖 ← 𝑇𝑗 𝑖𝑓 𝑑𝑖𝑠(𝑂𝑖, 𝑇𝑗 )

= ∧
{

𝑑𝑖𝑠(𝑂𝑖, 𝑇1), 𝑑𝑖𝑠(𝑂𝑖, 𝑇2),… , 𝑑𝑖𝑠(𝑂𝑖, 𝑇𝑗 ),… , 𝑑𝑖𝑠(𝑂𝑖, 𝑇𝑀 )
}

(1)

where 𝑑𝑖𝑠(𝑂𝑖, 𝑇𝑗 ) defines the distance between 𝑂𝑖 and 𝑇𝑗 , and ∧ repre-
sents the minimum operation. In this way, data association is done for
person tracking.

After person detection and tracking, both OpenPose and object-
level features are extracted. A detailed description of each feature is
presented in the next section.

4.2. Feature extraction

Two type of features/key-points, such as OpenPose and object-
level features (i.e., change in area, aspect ratio, speed variation, and
change in direction) are extracted for each detected person. Well known
6

OpenPose model [13] is the open source model and can be used
for multi-person 2𝐷 pose estimation. This model was developed with
the aim of analyzing the real-time movements of multiple persons.
Therefore, in this suty, using OpenPose model, a set of flow fields
(i.e., OpenPose features) which encodes the degree of association be-
tween body parts of detected person is extracted. A total of 18 OpenPose
features can be extracted for a person. But the number of OpenPose
features generated for each detected person is varied with respect to the
effect of visual quality (i.e., low illumination), occlusion, and training
data. Most popular ’Common Objects in Context (COCO)’ dataset pro-
vides the information of highest number of different joints. Therefore,
the OpenPose model is trained on popular MSCOCO Dataset [60]. We
have used the CPU version of OpenPose in an effort to demonstrate a
more cost-effective and energy-efficient fall detection system, as GPU
is not affordable always.

The 2𝐷 locations of 18 OpenPose features, including ’L-Eye’, ’R-Eye’,
’L-Ear’, ’R-Ear’, ‘Nose’, ‘Neck’, ’L-Shoulder’, ’R-Shoulder’, ’L-Elbow’,
’R-Elbow’, ’L-Wrist’, ’R-Wrist’, ’L-Hip’, ’R-Hip’, ’L-Knee’, ’R-Knee’, ’L-
Ankle’, and ’R-Ankle’ are extracted for each detected person. A window
of size 𝑤 × ℎ is slided over the detected person, and is fed to the
OpenPose model as an input. The OpenPose is a multi-stage CNN
which generates 2𝐷 locations of all OpenPose features along with
their confidence scores for each input of size 𝑤 × ℎ. The deep CNN,
namely VGG16 is used in the OpenPose model. The VGG16 consists of
thirteen convolutional, three pooling, and three fully connected layers.
At the output of 10th convolutional layer of VGG16, feature maps
corresponding to the aforesaid 18 OpenPose features are generated.
Then, by the next layer, part affinity fields (PAFs) are created for
each of these 18 key features, and considered as feature vectors. In
the subsequent layers of VGG16, these feature vectors are concatenated

corresponding to each OpenPose feature.
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As said earlier, in order to obtain better modeling of falls, both
OpenPose and object-level features are used. Object-level features that
are considered in this study are change in area, aspect ratio, speed
variation, and change in direction corresponding to each detected
person. Aspect ratio is the ratio between width and height. Let 𝑑𝑡𝑖 (𝐴),
𝑡
𝑖 (𝐴𝑅), 𝑑𝑡𝑖 (𝑆𝑃 ), and 𝑑𝑡𝑖 (𝐷𝐼𝑅) be the area, aspect ratio, speed, and
irection corresponding to the 𝑖th detected person in the current (𝑡th)
rame, respectively. Let (𝑥𝑡𝑖, 𝑦

𝑡
𝑖) be the x-coordinate and y-coordinate of

he left corner for the bounding box fitted over the detected 𝑖th person
n 𝑓𝑡, and (𝑤𝑡

𝑖, ℎ
𝑡
𝑖) be the width and height of the same detected person.

hen, 𝑑𝑡𝑖 (𝐴), 𝑑
𝑡
𝑖 (𝐴𝑅), 𝑑

𝑡
𝑖 (𝑆𝑃 ), and 𝑑𝑡𝑖 (𝐷𝐼𝑅) are defined as:

𝑑𝑡𝑖 (𝐴) = |(𝑤𝑡
𝑖 × ℎ𝑡𝑖)|

𝑑𝑡𝑖 (𝐴𝑅) = |

𝑤𝑡
𝑖

ℎ𝑡𝑖
|

𝑑𝑡𝑖 (𝑆) =
√

(𝑆𝑥𝑡𝑖)2 + (𝑆𝑦𝑡𝑖)2

𝑑𝑡𝑖 (𝐷𝐼𝑅) = | tanh(
𝑦𝑡𝑖
𝑥𝑡𝑖
) − tanh(

𝑦𝑡−1𝑖

𝑥𝑡−1𝑖

)|

(2)

here 𝑤𝑡
𝑖 and ℎ𝑡𝑖 represent the width and height of 𝑖th person detected

n 𝑡th frame (𝑓𝑡). 𝑆𝑥𝑡𝑖 and 𝑆𝑦𝑡𝑖 represent the velocity components for 𝑖th
erson detected in 𝑓𝑡 corresponding to the horizontal axis and vertical
xis, respectively. Various object-level features, such as change in area,
peed variation, and change in direction are computed using the spatio-
emporal information of area, speed, and direction, respectively. This
s explained in Section 4.3.2.

Both OpenPose and object-level features are analyzed for obtaining
he specific locations of falls. This is explained in the next section.

.3. Feature analysis and fall classification

The method of feature extraction is illustrated in the previous sec-
ion. The next step is the feature analysis and event classification. The
etection of fall location involved to phases: (i) detection of probable
ocations of falls and (ii) detection of specific locations of falls. In the
irst phase, each feature is analyzed for obtaining its suitable threshold.
ased on the thresholds, probable locations of falls corresponding to
oth OpenPose and object-level features are determined. Thereafter,
he commonality between the probable locations is obtained by defin-
ng two rules using the information of features and their thresholds.
he said commonality represents the specific location of fall. Analysis
f OpenPose and object-level features for fall detection are presented
n Sections 4.3.1 and 4.3.2, respectively.

.3.1. Analyses of OpenPose features
The primary OpenPose features for fall detection training have been

ixed as ankle and nose. This is because, for a person, these features
i.e., ankle and nose) are easily detected due to the prominence and
asy identification of face and feet. Using the OpenPose model, these
eatures can be captured from any angle of positioning of person,
.e., the approximate position of the nose is detected even from the back
f the person’s head. However, in the event, where any one of these
eatures is occluded, then other two features, namely knee and neck are
aken into consideration. This can act as a safeguard in several cases
ncluding fall events in which the person’s feet or face get occluded,
r failure in detection of features due to unprecedented errors by the
penPose model.

Out of the eighteen OpenPose features, 6 features, namely ‘Nose’,
Neck’, ’L-Knee’, ’R-Knee’, ’L-Ankle’, and ’R-Ankle’ are most relevant for
epresenting the change in nature of the scene during the fall event.
herefore, these six OpenPose features are used for analysis purposes.
he 2𝐷 (𝑥, 𝑦) co-ordinates of the aforesaid six OpenPose features are
eparated from other OpenPose features based on the confidence scores.
et 𝑦𝑡(𝐿𝑎𝑛𝑘𝑙𝑒), 𝑦𝑡(𝑅𝑎𝑛𝑘𝑙𝑒), 𝑦𝑡(𝑛𝑜𝑠𝑒), 𝑦𝑡(𝐿𝑘𝑛𝑒𝑒), 𝑦𝑡(𝑅𝑘𝑛𝑒𝑒) and 𝑦𝑡(𝑛𝑒𝑐𝑘)
7

𝑖 𝑖 𝑖 𝑖 𝑖 𝑖 f
e the location of 𝑦-coordinates corresponding to the ’L-Ankle’, ’R-
nkle’ ‘Nose’, ’L-Knee’, ’R-Knee’, and ‘Neck’ for detected 𝑖th person
resent in 𝑓𝑡, respectively. The top left position of the detected person is
epresented by (0, 0) co-ordinate. Let 𝑑𝑡𝑖 (𝑛𝑙𝑘), 𝑑

𝑡
𝑖 (𝑛𝑟𝑘), 𝑑

𝑡
𝑖 (𝑛𝑙𝑎), and 𝑑𝑡𝑖 (𝑛𝑟𝑎)

e the differences between neck and left knee, neck and right knee, nose
nd left ankle, and nose and right ankle, respectively, as defined:

𝑑𝑡𝑖 (𝑛𝑙𝑘) = |𝑦𝑡𝑖(𝐿𝑘𝑛𝑒𝑒) − 𝑦𝑡𝑖(𝑛𝑒𝑐𝑘)|

𝑑𝑡𝑖 (𝑛𝑟𝑘) = |𝑦𝑡𝑖(𝑅𝑘𝑛𝑒𝑒) − 𝑦𝑡𝑖(𝑛𝑒𝑐𝑘)|

𝑑𝑡𝑖 (𝑛𝑙𝑎) = |𝑦𝑡𝑖(𝐿𝑎𝑛𝑘𝑙𝑒) − 𝑦𝑡𝑖(𝑛𝑜𝑠𝑒)|
𝑡
𝑖 (𝑛𝑟𝑎) = |𝑦𝑡𝑖(𝑅𝑎𝑛𝑘𝑙𝑒) − 𝑦𝑡𝑖(𝑛𝑜𝑠𝑒)|

(3)

et 𝑑𝑡𝑖 (𝑛𝑘) and 𝑑𝑡𝑖 (𝑛𝑎) be the average distances between neck and knee,
nd nose and ankle, respectively. The 𝑑𝑡𝑖 (𝑛𝑘) and 𝑑𝑡𝑖 (𝑛𝑎) are defined as

𝑡
𝑖 (𝑛𝑘) =

𝑑𝑡𝑖 (𝑛𝑙𝑘) + 𝑑𝑡𝑖 (𝑛𝑟𝑘)
2

𝑑𝑡𝑖 (𝑛𝑎) =
𝑑𝑡𝑖 (𝑛𝑙𝑎) + 𝑑𝑡𝑖 (𝑛𝑟𝑎)

2

(4)

Two thresholds, namely 𝑇ℎ1 and 𝑇ℎ2 are determined for 𝑑𝑡𝑖 (𝑛𝑘) and
𝑡
𝑖 (𝑛𝑎) in order to obtain the probable fall location using the knowledge
f four OpenPose features (i.e., neck, knee, nose, and ankle). These two
hresholds are defined as:

ℎ1 = 𝑡ℎ𝑛𝑘
(

= 𝑚𝑒𝑎𝑛
(

𝑑𝑖(𝑛𝑘)
)

− 3 × 𝜎𝑛𝑘
)

𝑇ℎ2 = 𝑡ℎ𝑛𝑎
(

= 𝑚𝑒𝑎𝑛
(

𝑑𝑖(𝑛𝑎)
)

− 3 × 𝜎𝑛𝑎
) (5)

here 𝑚𝑒𝑎𝑛
(

𝑑𝑖(𝑛𝑘)
)

and 𝜎𝑛𝑘 represent the mean and standard deviation
f the position difference between neck and knee for 𝑖th object (i.e., per-
on) over the 𝑃 number of consecutive frames. Similarly, 𝑚𝑒𝑎𝑛

(

𝑑𝑖(𝑛𝑎)
)

nd 𝜎𝑛𝑎 represent the mean and standard deviation of the position
ifference between nose and ankle for 𝑖th object (i.e., person) over the

number of consecutive frames. The base of thresholds selection is
hat the average distance between features should be minimum during
he fall event. Therefore, for a detected person, if any one of the said
penPose features is less than its threshold, then probable fall is found
t the location of this person, and the location is called ‘probable
ocation’ of falls.

A rule is defined by combining these two features (i.e., 𝑑𝑡𝑖 (𝑛𝑘) and
𝑡
𝑖 (𝑛𝑎)) in order to get more probable fall location. The ‘Rule 1’ is
efined as:

𝑓 𝑑𝑡𝑖 (𝑛𝑘) ≤ 𝑇ℎ1 𝑜𝑟 𝑑
𝑡
𝑖 (𝑛𝑎) ≤ 𝑇ℎ2 , 𝑡ℎ𝑒𝑛 }𝐹𝑎𝑙𝑙′

𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒, }𝑁𝑜 𝐹𝑎𝑙𝑙′
(6)

From the above discussion, it is evident that, using the defined
ule, the more probable locations of falls are found. The searching
pace for obtaining the specific location of falls is reduced, thereby
ncreasing the detection speed. Moreover, two thresholds, 𝑇ℎ1 and
ℎ2 are selected based on the statistical information of the OpenPose

eatures. Therefore, these two thresholds will be updated automatically
ith the contents present in the consecutive frames. Thus it holds the
eneralization ability in handling both simple and complex scenarios.

The rule that is defined using OpenPose features is useful in de-
ecting the fall event in indoor scenario (home) and construction area.
ut in case of road, mostly objects are occluded with each other.
n such complex scenarios, OpenPose features may not be effective
lways in detecting the fall events. The reason is: the characteristics
f fall in indoor scenario (belongs to simple traffic) is different than
he characteristics of fall event in outdoor scenario (belongs to complex
raffic). It creates uncertainty in various fall events. As traffic flow is
lso distracted during the anomalous event (fall), object-level features
re effective in modeling the fall-event. The analysis of object-level

eatures for fall detection is presented in the next section.
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4.3.2. Analyses of object-level features
The analysis of object-level features is added with the analysis of

OpenPose features in order to determine the specific location of falls.
Therefore, to strengthen the decision defined in Eq. (6), object level
features, namely change in area, aspect ratio, speed variation and
change in direction of the detected persons are considered. During the
fall event corresponding to a frame, change in area and aspect ratio
of a detected person should be higher than the change in area and
aspect ratio of the same person detected in the previous frame. Both
change in area and aspect ratio are used to differentiate the sitting
position from the standing pose. When fall occurs in a particular frame,
the change in feature is entirely different from the remaining frames.
In the other way, we can say that, during the fall event, their is an
abrupt change found in object-level features. For complex scenarios
having multiple persons, fall detection algorithm checks if the speed
and direction corresponding to other detected persons are abruptly
changed. The reason is: during fall, mostly, other persons move to the
fall location to help the fallen person. Therefore, two features, such as
speed variation and change in director for other detected persons are
also analysis to check whether fall is occurred or not.

Let 𝑑𝑖𝑓 𝑡
𝑖 (𝐴) be the change in area of 𝑖th detected person for two

consecutive frames (i.e., 𝑓𝑡 and 𝑓𝑡−1). Let 𝑑𝑖𝑓 𝑡
𝑗 (𝑆) and 𝑑𝑖𝑓 𝑡

𝑗 (𝐷𝐼𝑅) be the
speed variation and change in direction for 𝑗th foreground object for
two consecutive frames (i.e., 𝑓𝑡 and 𝑓𝑡−1). Here, 𝑑𝑖𝑓 𝑡

𝑖 (𝐴), 𝑑𝑖𝑓
𝑡
𝑗 (𝑆), and

𝑑𝑖𝑓 𝑡
𝑗 (𝐷𝐼𝑅) are defined as:

𝑑𝑖𝑓 𝑡
𝑖 (𝐴) = |𝑑𝑡𝑖 (𝐴) − 𝑑𝑡−1𝑖 (𝐴)|

𝑑𝑖𝑓 𝑡
𝑗 (𝑆) = |𝑑𝑡𝑗 (𝑆) − 𝑑𝑡−1𝑗 (𝑆)|

𝑑𝑖𝑓 𝑡
𝐽 (𝐷𝐼𝑅) = |𝑑𝑡𝑗 (𝐷𝐼𝑅) − 𝑑𝑡−1𝑗 (𝐷𝐼𝑅)|

(7)

Let 𝑑𝑖𝑓 𝑡
𝑗 (𝑆𝐷𝐼𝑅) be the product of 𝑑𝑖𝑓 𝑡

𝑗 (𝐷𝐼𝑅) and 𝑑𝑖𝑓 𝑡
𝑗 (𝑆). Three

thresholds, namely 𝑇ℎ3, 𝑇ℎ4, and 𝑇ℎ5 are determined for 𝑑𝑖𝑓 𝑡
𝑖 (𝐴),

𝑑𝑡𝑖 (𝐴𝑅), and 𝑑𝑖𝑓 𝑡
𝑗 (𝑆𝐷𝐼𝑅) in order to obtain the probable locations of

falls using the knowledge of four object-level features. These three
thresholds are defined as:

𝑇ℎ3 = 𝑡ℎ𝐴
(

= 𝑚𝑒𝑎𝑛
(

𝑑𝑖𝑓𝑖(𝐴)
)

+ 3 × 𝜎𝐴
)

𝑇ℎ4 = 𝑡ℎ𝐴𝑅
(

= 𝑚𝑒𝑎𝑛
(

𝑑𝑖(𝐴𝑅)
)

+ 3 × 𝜎𝐴𝑅
)

𝑇ℎ5 = 𝑡ℎ𝑆𝐷𝐼𝑅
(

= 𝑚𝑒𝑎𝑛
(

𝑑𝑖𝑓𝑖(𝑆𝐷𝐼𝑅)
)

+ 3 × 𝜎𝑆𝐷𝐼𝑅
)

(8)

where 𝑚𝑒𝑎𝑛((.)) and 𝜎(.) represent average and standard deviation of
a set, say (.) corresponding to an object-level feature for 𝑃 number
of consecutive frames. The base of thresholds selection is that change
in object-level features should be maximum during the fall event.
Therefore, for a detected person, if ant one of the said object-level
features is higher than its threshold, then probable fall is found at the
location of this person, and the location is called probable location of
falls.

A rule is defined by combining these three object-level features
(i.e., 𝑑𝑖𝑓 𝑡

𝑖 (𝐴), 𝑑
𝑡
𝑖 (𝐴𝑅), and 𝑑𝑖𝑓 𝑡

𝑗 (𝑆𝐷𝐼𝑅)) in order to get more probable
location of falls. The ‘Rule 2’ is defined as:

𝑖𝑓 𝑑𝑖𝑓 𝑡
𝑖 (𝐴) ≥ 𝑇ℎ3 & 𝑑𝑡𝑖 (𝐴𝑅) ≥ 𝑇ℎ4 & 𝑑𝑡𝑖 (𝑆) = 0 &

(𝑑𝑖𝑓 𝑡
𝑗 (𝑆)

𝑛𝑡
𝑗≠𝑖 × 𝑑𝑖𝑓 𝑡

𝐽 (𝐷𝐼𝑅)𝑛𝑡𝑗≠𝑖) ≥ 𝑇ℎ5, 𝑡ℎ𝑒𝑛
′𝐹𝑎𝑙𝑙′

𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒, }𝑁𝑜 𝐹𝑎𝑙𝑙′
(9)

where 𝑛𝑡 defines number of objects present in 𝑡th frame.
From the above discussion, it is also evident that, thresholds, 𝑇ℎ3,

𝑇ℎ4, and 𝑇ℎ5 are selected based on the statistical information of the
object-level features. Therefore, these three thresholds will also be
updated automatically with the contents present in the consecutive
frames, thereby holding the generalization ability in handling both
simple and complex scenarios. For a detected person, if the following
8

rule is satisfied, then the location of this person is considered as specific n
location of fall, as defined:
𝑖𝑓 𝑜𝑡𝑖 𝑓𝑜𝑙𝑙𝑜𝑤𝑠 𝑏𝑜𝑡ℎ 𝑅𝑢𝑙𝑒1 𝑎𝑛𝑑 𝑅𝑢𝑙𝑒2 𝑡ℎ𝑒𝑛 }𝐹𝑎𝑙𝑙 𝑀𝑢𝑠𝑡 𝑂𝑐𝑐𝑢𝑟′

𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒, }𝑁𝑜 𝐹𝑎𝑙𝑙′
(10)

After classifying the event as ‘Fall’, the reliability of the decision
is further ensured based on 𝑍−numbers. This is explained in the next
section.

4.4. 𝑍-Numbers for ensuring the reliability of the detected fall event

𝑍-number is used to encode the knowledge of an event into
words/phrases [61]. 𝑍-numbers [62] have two tuples (i.e., 𝑍 =
(𝐻 ;𝐸)): ‘probability’ (𝐻) and ‘reliability’ (𝐸). The first tuple is based
on the probability of occurrence of an event (i.e., real-valued uncertain
variable), whereas, the second tuple is defined using the linguistic terms
corresponding to the same event based on the probability score. For
each person concerning a detected fall, 𝑍-numbers are computed based
on the values of its features to ensure a higher degree of reliability
for the detection. In the conventional way, 𝑍−numbers are computed
based on the probability score. As the rules are formulated in unsu-
pervised way, crisp values are obtained corresponding to all OpenPose
and object-level features. When the formulated rules satisfy the criteria
based on OpenPose and object-level features and their thresholds, then
corresponding event is classified as ‘Fall’. Therefore, the values of both
OpenPose and object-level features (i.e., 𝑑𝑡𝑖 (𝑛𝑘), 𝑑

𝑡
𝑖 (𝑛𝑎), 𝑑𝑖𝑓

𝑡
𝑖 (𝐴), 𝑑

𝑡
𝑖 (𝐴𝑅),

∀𝑗 (𝑑𝑖𝑓 𝑡
𝑗 (𝑆)), and ∀𝑗 (𝑑𝑖𝑓 𝑡

𝑗 (𝐷𝐼𝑅))) are used in computing the normalized
feature thresholding score (say, 𝑑𝑡𝑖 (𝑁𝐹𝑇 )) in order to obtain the first
tuple (𝐻) of 𝑍−numbers. The 𝑑𝑡𝑖 (𝑁𝐹𝑇 ) is defined as:

𝑑𝑡
𝑖 (𝑁𝐹𝑇 )

=
(1 − 𝑑𝑡

𝑖 (𝑁𝑛𝑘)) + (1 − 𝑑𝑡
𝑖 (𝑁𝑛𝑎)) + 𝑑𝑡

𝑖 (𝑁𝐴) + 𝑑𝑡
𝑖 (𝑁𝐴𝑅) + 𝐴𝑣𝑔(∀𝑗𝑑𝑡

𝑗 (𝑁𝑆𝐷𝐼𝑅))

5
(11)

where 𝑑𝑡𝑖 (𝑁𝑛𝑘)(=
𝑑𝑡𝑖 (𝑛𝑘)
𝑇ℎ1

), 𝑑𝑡𝑖 (𝑁𝑛𝑎)(=
𝑑𝑡𝑖 (𝑛𝑎)
𝑇ℎ2

), 𝑑𝑡𝑖 (𝑁𝐴)(=
𝑑𝑖𝑓 𝑡

𝑖 (𝐴)
𝑇ℎ3

), and 𝑑𝑡𝑖 (𝑁𝐴𝑅)

=
𝑑𝑡𝑖 (𝐴𝑅)
𝑇ℎ4

) represent the normalized scores corresponding to 𝑑𝑡𝑖 (𝑛𝑘),
𝑡
𝑖 (𝑛𝑎), 𝑑𝑖𝑓

𝑡
𝑖 (𝐴), and 𝑑𝑡𝑖 (𝐴𝑅), respectively. 𝐴𝑣𝑔(∀𝑗𝑑𝑡𝑗 (𝑁𝑆𝐷𝐼𝑅)) represents

he average of normalized score corresponding to all detected fore-
round objects (except the falling person) in the 𝑡th frame, defined as:

𝑣𝑔(∀𝑛𝑡𝑗≠𝑖𝑑
𝑡
𝑗 (𝑁𝑆𝐷𝐼𝑅)) =

∑𝑛𝑡
𝑗≠𝑖

(𝑑𝑖𝑓 𝑡
𝑗 (𝑆)×𝑑𝑖𝑓

𝑡
𝐽 (𝐷𝐼𝑅))

𝑇ℎ5
𝑛𝑡

(12)

As it is defined earlier, the first tuple (𝐻) of 𝑍-numbers is based
on the 𝑑𝑡𝑖 (𝑁𝐹𝑇 ). One assumption is taken as: If 𝑑𝑡𝑖 (𝑁𝐹𝑇 ) is high, then
eliability of detection will also be high. During falls, the values of
𝑡
𝑖 (𝑛𝑘), 𝑑𝑡𝑖 (𝑛𝑎) should be minimum. Whereas, the values of 𝑑𝑖𝑓 𝑡

𝑖 (𝐴),
𝑡
𝑖 (𝐴𝑅), and 𝐴𝑣𝑔(∀𝑛𝑡𝑗≠𝑖𝑑

𝑡
𝑗 (𝑁𝑆𝐷𝐼𝑅)) should be high during falls. Therefore,

o obtain the high value of 𝑑𝑡𝑖 (𝑁𝐹𝑇 ), (1 − 𝑑𝑡𝑖 (𝑛𝑘)), (1 − 𝑑𝑡𝑖 (𝑛𝑎)) are used
n Eq. (11).

Based on the normalized feature thresholding score (𝑑𝑡𝑖 (𝑁𝐹𝑇 )) as
efined in Eq. (11), some linguistic rules are defined to provide infor-
ation about 𝐻 and 𝐸 in 𝑍-numbers. The process of how 𝑍-numbers

re used in this study is illustrated using an example. If 𝑋 =< Person
all (PF) >: name of the variable, and 𝑌 : PF must happen in the
rame 𝐹𝑡, if the normalized feature thresholding score for PF detection
s greater than 0.9 and less than 1. Then, 𝐻 : Context = < PF, normalized
eature thresholding score > 0.9 and ≤ 1, and 𝐸 : Relevance of 𝐻 given

within the context of 𝑌 =<Certainty>. Here, ‘Certainty’ represents
he linguistic term for 𝐸. Detailed results of 𝑍-numbers for ensuring
he correctly defined linguistic terms and classified event (i.e., Fall)
re explained in Section 5.3.2. Incorporating 𝑍-numbers with the
penPose and object-level features-based rule generation constitutes

he 𝑍−DFT algorithm. The pseudo code of the developed 𝑍−DFT for
ulti-person fall detection is shown in Algorithm 1. The effectiveness

f the developed 𝑍−DFT algorithm for fall detection is presented in the
ext section.
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5. Results & discussions

Our study has three broad sub-objectives in order to show (i) the
effectiveness of feature thresholding and rule generation in defining the
probable and specific locations of falls, respectively, (ii) the utility of
𝑍-numbers over feature thresholding and rule generation for ensuring
the detection, and (iii) the superiority of 𝑍−DFT algorithm over some
state-of-the-art methods. The dataset details, experimental setup, exper-
imental results, and safety intervention are discussed in the following
sections.

5.1. Datasets

Most of the available fall datasets contain simulated falls instead
of real-life falls. The characteristics of real-life fall is varied from
one scenario to another. Whereas, in simulated data, fall scenario is
designed by experts. Therefore, it may not be matched with the real-
life scenario. Thus, simulated data may not be an accurate source for
both training/validation and testing of the developed fall detection
algorithm (𝑍−DFT). Therefore, in this study, to assess the effectiveness
of the developed 𝑍−DFT, two video datasets, namely UR Fall dataset
(URFD) [63] and YouTube8M (YT8M) [64] are used. These two video
datasets contain real-life videos with diverse visual entities. As already
defined, in 𝑍−DFT, feature thresholding is done in unsupervised way,
Therefore, only validation is done to check the effectiveness of feature
thresholding in 𝑍−DFT. From URFD, 12 videos (containing indoor
‘fall’ and ‘no fall’ events) are used for both validation and testing
purposes. Whereas, YT8M is a large-scale unlabeled dataset containing
millions of videos having various kinds of possible traffic scenarios.
Of them, 6 videos containing pedestrian fall are selected. YT8M has
no annotated videos; therefore, it is used for testing purposes only to
get the generalization ability of the developed 𝑍−DFT algorithm. The
validation and test videos (acquired from YT8M and URFD) consist
of 730 to 1450 frames with a variety of real-life indoor (e.g., home)
and outdoor (e.g., road and construction area) scenarios, including
occlusion, multi-falls, and no fall.

As mentioned earlier, the detector, G-RCNN is used for the person
detection. G-RCNN is trained over the data, namely PASCAL VOC 07
(VOC 07). This is a static image data. It contains 5𝐾 training and 5𝐾
testing images of 20 classes. Out of these, the samples corresponding to
the object class, ‘Person’ is considered in the training process. A total of
524 training images are used. Out of these, the images contain ‘person’
is considered as positive class and rest are considered as negative class.
On the other hand, OpenPose model is trained over MSCOCO data. The
details of experimental setup is presented in the next section.

5.2. Experimental setup

The developed 𝑍−DFT algorithm was coded using python 3.8.6
(Anaconda) in Windows 10 with an Intel(R) Core(TM) i7-10750H CPU
@ 2.60 GHz-2.59 GHz. The libraries used are ‘cv2’ and ‘NumPy’. For
this study, the URFD dataset is divided into validation (60%) and test
(40%) subsets. In the developed 𝑍−DFT algorithm, five thresholds
are used for detecting the fall event. How is the optimal thresholds
selection done, is explained in Section 5.3.1.

5.3. Experimental results

Experiments are carried out to evaluate the efficacy of the devel-
oped 𝑍−DFT algorithm for fall detection, in line with three objectives
(refer to Section 5). Objective (𝑖) aims to show the effectiveness of
feature thresholding and rule generation in detecting the probable and
specific locations of falls, as defined in Section 5.3.1. Objective (𝑖𝑖)
shows how 𝑍-numbers are effective in obtaining the reliability of clas-
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sified fall event, as stated in Section 5.3.2. Objective (𝑖𝑖𝑖) demonstrates
the superiority of the developed 𝑍−DFT over some state-of-the-art
methods, as presented in Sections 5.3.3, 5.3.4, and 5.3.5.

5.3.1. The effectiveness of feature thresholding and rule generation for
obtaining the probable and specific locations of falls

Qualitative assessment of feature thresholding and rule generation
are presented in this section. During the validation phase, feature
thresholding is done to obtain optimal thresholds for both OpenPose
and object-level features, as explained in Sections 5.3.1(i) and 5.3.1(ii),
respectively. Visualization of specific locations of falls corresponding to
formulated rules is presented in Section 5.3.1(iii).

(i) Thresholds selection for OpenPose features:
Openpose features corresponding to multi-persons are illustrated
in Fig. 3. From Fig. 3(a), it is seen that 13 and 8 key points are
extracted for left-sided and right-sided persons, respectively. For
these two persons, different number of key points are extracted.
This depends on the poses of detected persons and orientation of
camera. Four OpenPose features, namely ankle, knee, neck, and
nose are required for fall detection. The relevant pair of features
for the multi-persons are detected in Fig. 3(b). From this figure,
it is seen that for the left-sided person, two OpenPose features,
such as ankle and nose are detected. Whereas, for the right-sided
person, two other OpenPose features, such as neck and knee are
detected. This depends on the human pose-orientation which
is visible in videos. It is also evident that, these four features
may not be detected all time. Therefore, any one of the two
derived OpenPose features such as (i) distance between neck
and knee (i.e., 𝑑𝑖(𝑛𝑘)) and (ii) distance between nose and ankle
(i.e., 𝑑𝑖(𝑛𝑎)) for the 𝑖th detected person are useful in obtaining
the specific locations of falls based on two thresholds, 𝑇ℎ1 and
𝑇ℎ2.
The graphs of 𝑑𝑖(𝑛𝑎) and 𝑑𝑗 (𝑛𝑘) for 𝑖th and 𝑗th detected persons
over 𝑃 number of consecutive frames are shown in Fig. 4(a)
and Fig. 4(b), respectively. In Figs. 4(a) and 4(b), the 𝑥- and
𝑦-axis represent the frames over time and the distance between
relevant features, respectively. These graphs are represented by
line charts with different colors. These colors have been used to
distinguish the progression of coordinate before and after fall.
If the distance between the nose and ankle, or knee and neck
is higher, it means person is walking or standing. Person lean
forward when stumbling. Therefore, distance between nose and
ankle, or knee and neck becomes less during the fall. Hence, the
lower values of thresholds, 𝑇ℎ1 and 𝑇ℎ2 are preferable. Keeping
this in mind, the thresholds, 𝑇ℎ1 and 𝑇ℎ2 are selected using
the information of (mean - 3× standard deviation). A number
of 10(= 𝑃 ) consecutive frames are used in this study for optimal
thresholds selection.
As seen in Fig. 4(a), at 23rd frame, the value of 𝑑𝑖(𝑛𝑎) is de-
creased abruptly. Based on the statistical information (i.e., 𝑚𝑒𝑎𝑛 =
48.8 and 𝜎 = 2.96) of previous 10 frames for 𝑖th detected person,
the threshold, 𝑇ℎ1 = 39.92 is selected. Whereas, in the same
frame, 𝑑𝑖(𝑛𝑎) is 14.3(< 39.92). Therefore, in this frame, probable
fall may occurs. As seen from Fig. 4(a), olive-colored line repre-
sents the normal scenario. Whereas, in case of fall scenario, this
line is turned to red-color. The result corresponding to 𝑑𝑖(𝑛𝑎)
and optimal value of threshold, 𝑇ℎ1 is presented in Fig. 7(b)
(refer to the left-sided person). On the other hand, in Fig. 4(b),
at 23rd frame, the value of 𝑑𝑗 (𝑛𝑘) for 𝑗th detected person is
also decreased abruptly. Based on the statistical information
(i.e., 𝑚𝑒𝑎𝑛 = 47.1 and 𝜎 = 1.83) of 10 consecutive frames for
𝑗th detected person, the threshold, 𝑇ℎ2 = 41.61 is selected.
Whereas, in the same frame, 𝑑𝑗 (𝑛𝑘) is 24.6(< 41.61). Therefore,
in this frame, probable fall may occurs. As seen from Fig. 4(b),
blue-colored line represents the normal scenario. Whereas, in

case of fall scenario, this line is turned to red-color. The result
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Fig. 3. OpenPose features.
Fig. 4. Graphs for the normalized distances, 𝑑𝑖(𝑛𝑎) and 𝑑𝑛𝑘
𝑖 over the consecutive frames.
Fig. 5. Graphs for the (a) change in area (𝑑𝑖𝑓𝑖(𝐴)) and (b) aspect ratio (𝑑𝑖(𝐴𝑅)) over consecutive frames.
corresponding to 𝑑𝑖(𝑛𝑘) and optimal value of threshold, 𝑇ℎ2 is
presented in Fig. 7(b) (refer to the right-sided person). From
these two graphs, it is evident that the thresholds corresponding
to the 23rd frame are selected as 𝑇ℎ1 = 39.92 and 𝑇ℎ2 = 41.61.
As these thresholds are automatically updated based the statisti-
cal information corresponding to each detected object (person),
it holds the generalization ability in thresholds selection for
OpenPose features.

(ii) Thresholds selection for object-level features:
As said earlier, four object-level features, such as change in
area, aspect ratio, speed variation, and change in direction are
also effective in detecting the fall locations. Thresholds, 𝑇ℎ3
and 𝑇ℎ4 are used for thresholding two object-level features,
10
such as change in area and aspect ratio, respectively. Whereas,
a derived feature using both speed variation and change in
direction is also used in fall detection. Threshold, 𝑇ℎ5 is used
for the combination of speed variation and change in direction.
How are the best configuration results found for these three
thresholds, is presented in this section.
The graph of change in area (𝑑𝑖𝑓 (𝐴)) vs. frames is presented in
Fig. 5(a). It is found that, during the fall event, falling person
first bend down and then lie on the floor/road. Therefore, during
the fall event, an abrupt change in area is found. From Fig. 5(a),
it is evident that, an abrupt change in area is found at 23rd frame
for 𝑖th detected person. Based on the statistical information
(i.e., 𝑚𝑒𝑎𝑛 = 0.38 and 𝜎 = 0.07) of change in area for ten
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Fig. 6. Graph for 𝑑𝑖𝑓𝑗 (𝑆) × 𝑑𝑖𝑓𝑗 (𝐷𝐼𝑅) over consecutive frames.

consecutive frames corresponding to 𝑖th detected person, the
threshold, 𝑇ℎ3 = 0.59 is selected. Whereas, in the same frame,
𝑑𝑖𝑓𝑖(𝐴) is 2.9(> 0.59). Therefore, in this frame, a fall may occurs
using the knowledge of change in area. As seen from Fig. 5(a),
green-colored line represents the normal scenario. Whereas, in
case of fall scenario, this line is turned to red-color. Similarly,
the graph of aspect ratio vs. frames is presented in Fig. 5(b).
As already defined, during the fall event, the aspect ratio of the
falling person is increased abruptly. From Fig. 5(b), it is evident
that, an abrupt change in aspect ratio is found at 23rd frame.
Based on the statistical information (i.e., 𝑚𝑒𝑎𝑛 = 0.65 and 𝜎 =
0.09) of aspect ratio for ten consecutive frames corresponding
to 𝑖th detected person, the threshold, 𝑇ℎ4 = 0.92 is selected.
Whereas, in the same frame, 𝑑𝑖(𝐴𝑅) is 1.67(> 0.92). Therefore,
in this frame, a fall may occurs using the knowledge of aspect
ratio. As seen from Fig. 5(b), orange-colored line represents the
normal scenario. Whereas, in case of fall scenario, this line is
turned to red-color.
The movements of trajectories for other moving persons will
also change during the fall event. The multiplication of speed
variation and change in direction (for movements) correspond-
ing to the other foregrounds is computed in order to check is
there any abrupt change in behavior of traffic flow during the
fall event. Graph between the multiplication scores (of speed
variation and direction change) vs. frames for 𝑖th foreground
is shown in Fig. 6. From Fig. 6, it is evident that, an abrupt
change in the said multiplication scores is found at 23rd frame.
Based on the statistical information (i.e., 𝑚𝑒𝑎𝑛 = 0.32 and 𝜎 =
0.08) of the multiplication scores for ten consecutive frames
corresponding to 𝑖th detected person, the threshold, 𝑇ℎ5 = 0.56
is selected. Whereas, in the same frame, 𝑑𝑖𝑓𝑗 (𝑆) × 𝑑𝑖𝑓𝑗 (𝐷𝐼𝑅) is
0.92(> 0.56). Therefore, in this frame, a fall may occurs using the
knowledge of said multiplication score. As seen from Fig. 6, gray-
colored line represents the normal scenario. Whereas, in case
of fall scenario, this line is turned to red-color. The values of
aforesaid thresholds, 𝑇ℎ3, 𝑇ℎ4, and 𝑇ℎ5 are varies from video
to video based on their contents. Therefore, in the developed
𝑍−DFT algorithm, thresholds are selected in an unsupervised
way. Hence, it holds the generalization capability. Based on
the optimal thresholds (i.e., 𝑇ℎ3, 𝑇ℎ4, and 𝑇ℎ5) for object-level
features, results corresponding to the probable location of fall(s)
are shown in Fig. 7(a) and Fig. 7(b), respectively.
As already defined, feature thresholding is done to obtain prob-
able locations of falls corresponding to each OpenPose and
object-level features. This reduces the searching space for ob-
taining the specific locations of falls. Therefore, these features
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are combined to formulate rules in order to obtain the specific
locations of falls, as explained in the next section.

(iii) Visualization of person fall detection:
To strengthen the fall detection results, rules are formulated
using both OpenPose and object-level features for obtaining the
specific locations of falls. By keeping this in mind, two rules
are defined in Eqs. (6) and (9) using OpenPose and object-level
features, respectively. As seen in Fig. 7(b), for the left-sided
person, the difference between the position of ankle and nose is
used in Eq. (6) for classifying the event as ‘Fall’ or ‘No fall’. In the
same figure, for right-sided person, the difference between neck
and knee is used in Eq. (6) for classifying the event as ‘Fall’ or ‘No
fall’. The rule-based system using OpenPose features is defined
to obtain specific locations of falls. On the other hand, for both
left and right sided persons, all defined object-levels features
(i.e., change in area, aspect ratio, speed variation, and change
in direction) are checked to see whether these features satisfy
the rule defined in Eq. (9). If yes, then the event is classified
as ‘Fall’. In order to obtain the exact (specific) location of ‘Fall’,
both rules defined in Eqs. (6) and (9) must be satisfied.
Results are shown in Fig. 8. Fig. 8(a) indicates there is no fall
in the frame, therefore, detected persons are marked by blue-
colored bounding boxes. Whereas, Fig. 8(b) represents the fall
event for multi-person. Here, fallen persons are marked by red-
colored bounding boxes. From this figure, it is also evident that
each fallen person is assigned with a unique ID. As an example,
another fall event is shown in Fig. 9. This figure represents a sin-
gle fall scenario. Two scenarios, ‘No fall’ and ‘Fall’ are presented
by Fig. 9(a) and Fig. 9(b), respectively. After fall detection, its
corresponding video frame is further used for validation task to
enhance the detection accuracy. To further ensure the detection,
𝑍-numbers are computed, as explained in the next section.

5.3.2. The usefulness of 𝑍-numbers along with formulated rules for ensur-
ing the detection

For each detected object (i.e., person) concerning a fall, 𝑍-numbers
are computed to ensure the detection. The first tuple (𝐻) of 𝑍-numbers
is defined by two linguistic terms (LTs), namely ‘Absolutely Important’
(AI), and ‘Important’ (I) based on the feature thresholding score which
is computed using the values of all OpenPose and object-level features.
The second tuple (𝐸) of 𝑍-numbers represents the reliability of 𝐻 .
Three linguistic terms (LTs), namely ‘Likely’ (LY), ‘Most Likely’ (ML),
and ‘Certainty’ (CY) are assigned to the second tuple, 𝐸 based on this
score and assigned linguistic term corresponding to 𝐻 . This is about
the reliability of the decision. Ranges of output scores for the LTs
assigned to 𝐸 are as follows: ‘LY’: (0, 0.2, 0.5); ‘ML’ : (0.5, 0.7, 0.9);
and ‘CY’ : (0.9,0.9, 1). The transformation rules of LTs for (𝐻 , 𝐸)
are defined using the information of normalized feature thresholding
scores. The transformation rules for (𝐻 , 𝐸) for falls are reported in
Table 1. It is evident from the table that 𝑑𝑡𝑖 (𝑁𝐹𝑇 ) > 0.9 is absolutely
important for the decision, detected class = ‘Fall’, and corresponding
LT, ‘CY’ (certainty) is assigned to 𝐸. It indicates that the reliability of
the decision is certain. Similarly, the transformation rules for ‘No fall’
event are also shown in this table. In this way, 𝑍-numbers provide a
degree of reliability corresponding to detected falls.

For a scenario, if the defined two rules (refer to Eqs. (6) and (9))
are satisfied along with the condition, 𝑑𝑡𝑖 (𝑁𝐹𝑇 ) > 0.9 (Z: X = Fall, H =
AI, and E = CY), then it is ensured that the event is ‘Fall’. This result
prove the effectiveness of 𝑍-numbers in ensuring the reliability of the
detected fall event. Thus, 𝑍-numbers combined with the deep feature
thresholding and rule generation handle the uncertainty issue arising
between various ‘Fall’ and ‘No Fall’ events under complex scenarios.
The effectiveness of 𝑍−DFT over some state-of-the-art methods is

depicted in the next section.
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Fig. 7. Probable fall detection results: (a) Fall Scenario 1 and (b) Fall Scenario 2.
Fig. 8. Specific locations of multi-falls: (a) No Fall and (b) Fall.
Fig. 9. Single fall detection result: (a) No Fall and (b) Fall.

5.3.3. Comparative study

To validate the developed 𝑍−DFT, a comparative study between
the 𝑍−DFT and some state-of-the-art methods for fall detection is
conducted over some videos acquired from the YouTube8M and URFD
data. Accuracy has been considered as the performance metric for
this comparative study. Various well-known fall detection algorithms,
12
Table 1
𝑍-number for Person Fall detection.

Variable (X) Constraint (H) Reliability (E)

Fall AI, 𝑑𝑡
𝑖 (𝑁𝐹𝑇 ) > 0.9 CY

Fall AI, 0.5 < 𝑑𝑡
𝑖 (𝑁𝐹𝑇 ) < 0.9 ML

Fall AI, 𝑑𝑡
𝑖 (𝑁𝐹𝑇 ) < 0.5 LY

Fall I, 0.5 < 𝑑𝑡
𝑖 (𝑁𝐹𝑇 ) < 0.9 CY

Fall I, 𝑑𝑡
𝑖 (𝑁𝐹𝑇 ) < 0.5 ML

No Fall AI, 𝑑𝑡
𝑖 (𝑁𝐹𝑇 ) < 0.5 CY

No Fall I, 0.5 < 𝑑𝑡
𝑖 (𝑁𝐹𝑇 ) < 0.9 ML

including SVM-based (SVMFD) [31], KNN-based (FD-KNN) [36], CNN-
based (CNNFD) [65], Deep neural network-based (DNN) [66], Trajec-
tory weighted deep convolutional rank pooling-based (TWDCRP) [67],
Deep learning and activity characteristics-based (DLAFD) [40], ARFD-
Net [43], LSTM-based [5], GRU-based [42], and Multi-human fall
detection (MHFD) [41] are used for the comparative study. All these
algorithms are applied over YouTube8M and URFD datasets. Here,
capturing device is single camera. In SVMFD, CNNFD, and LSTM-
based methods, SVM, CNN, and LSTM are trained with the real-time
images containing two classes ‘Fall’ and ‘No Fall’. Whereas, in FD-KNN,
silhouette ratio for a person is detected and used to train the KNN
for fall detection. In DNN, deep network is trained using the human
posture information for fall detection. Another network, namely TWD-
CRP uses weighted trajectory-based ranked pooling infomration for
fall detection. In DLAFD, Faster RCNN is used for object (i.e., person)
detection, and then object level features are extracted and analyzed
for fall detection. Whereas, in ARFDNet, latent feature pooling is used.
In GRU-based method, LSTM is modeled with OpenPose features. In
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Table 2
Results of comparative study over YouTube8M and URFD data.

Author Data Classification technique Accuracy (%)

𝑍−DFT (Our method) YouTube8M 𝑍−number-based deep feature thresholding 98.04
SVMFD YouTube8M SVM 66.1
FD-KNN YouTube8M KNN+Silhouette ratio 74.4
CNNFD YouTube8M CNN 69.02
DNN YouTube8M Human posture 81.47
TWDCRP YouTube8M Weighted trajectory + Ranked pooling information 94.23
DLAFD YouTube8M Faster RCNN feature based thresholding 86.5
ARFDNet YouTube8M Latent feature pooling 83.69
LSTM-based YouTube8M LSTM+OpenPose 61.8
GRU-based YouTube8M OpenPose feature thresholding 69.3
MHFD YouTube8M YOLO+3DCNN 70.26
𝑍−DFT (Our method) URFD 𝑍−number-based deep feature thresholding 99.63
CNNFD URFD CNN 89.31
DNN URFD Human posture 83.86
TWDCRP URFD Weighted trajectory + Ranked pooling information 96.04
DLAFD URFD Faster RCNN feature based thresholding 93.58
ARFDNet URFD Latent feature pooling 95.12
LSTM-based URFD LSTM+OpenPose 92.1
GRU-based URFD OpenPose feature thresholding 98.2
MHFD URFD YOLO+3DCNN 99.66
T
p
o

MHMD, YOLO+3D-CNN is used for multi-fall detection. In our devel-
oped algorithm, 𝑍−numbers-based deep feature thresholding (𝑍−DFT)
is done for fall detection.

The comparative results over YouTube8M and URFD data are pre-
sented in Table 2. From Table 2 (refer to 1st row), it is found that the
developed 𝑍−DFT outperforms the state-of-the-art when YouTube8M
is used. From the same table (refer to 12th row), it is also evident
that 𝑍−DFT is comparable with the state-of-the-art when URFD is
used. The reason is: URFD is created in a controlled environment,
whereas, YouTube8M is a real-life data containing various issues, in-
cluding occlusion, low illumination, and uncertainty. Therefore, the
state-of-the-art deep models (i.e., CNNFD, DLAFD, ARFDNet, LSTM-
based, DNN, TWDCRP, and GRU-based) for fall detection perform good
in URFD but not in YouTube8M. Moreover, LSTM, GRU, and MHMD-
based methods require huge amounts of real data which may not
affordable always. On the other hand, SVMFD and FD-KNN are based
on conventional machine learning techniques (SVM and KNN), these
are limited to the simple traffic flow. The comparison between 𝑍−DFT,
SVMFD, and FD-KNN is done to see the effectiveness of feature-based
rule-base system over the conventional machine learning techniques.
From the Table 2, it is seen that the 𝑍−DFT is superior to SVMFD
(refer to 2nd row) and FD-KNN (refer to 3rd row) in terms of detection
accuracy.

In DNN, TWDCRP, CNNFD, DLAFD, ARFDNet, and 𝑍−DFT, deep
feature thresholding-based rule-base system is done for fall detection.
Therefore, the comparison between 𝑍−DFT and aforesaid state-of-the-
art methods (DNN, TWDCRP, CNNFD, DLAFD, and ARFDNet) is done to
see the effectiveness of the combination of deep feature thresholding-
based rules generation with 𝑍−numbers for fall detection in both
indoor and outdoor scenarios. In the aforesaid state-of-the-art methods,
either OpenPose features or object-level features are used for rule gen-
eration. Whereas, in 𝑍−DFT, both OpenPose and object-level features
are used to strengthen the decision of fall detection. Moreover, in
𝑍−DFT, 𝑍−numbers are computed based on the deep feature thresh-
olding score to ensure the detection. The combination of 𝑍−numbers
with deep feature thresholding-based rule base system handles the
uncertainty issue arising between various fall and no-fall events under
complex environment.

As already defined, object (i..e, person) detection is prerequisite
of fall detection, correct prediction of the location of person over
the frames also affects the fall detection accuracy. From the Table 2,
it is seen that the 𝑍−DFT is superior to DNN, TWDCRP, CNNFD,
DLAFD, and ARFDNet. It means, persons are correctly detected by
our developed 𝑍−DFT as compared to CNNFD, DLAFD, and ARFDNet.
Hence, the deep features corresponding to a person, generated in our
13

𝑂

developed algorithm is more accurate than other three. Moreover,
rule-based system defined in 𝑍−DFT is accurate. Further, the use of
𝑍−numbers over rule-based system, strengthen the decision. Thus,
our developed 𝑍−DFT can be effectively used for both indoor and
outdoor fall detection. As per the authors’ knowledge, this is the first
time when the concept of 𝑍-numbers is used for fall detection. As an
example, some pictorial views of the resultant falls over YouTube8M
and URFD datasets (corresponding to the outdoor and indoor scenarios,
respectively) are shown in Fig. 10. The computational complexity of the
𝑍−DFT is stated in the next section.

5.3.4. Computational complexity
The developed 𝑍−DFT consists of four stages: (i) ODT, (ii) feature

extraction, (iii) feature analysis and classification, and (iv) computation
of 𝑍-numbers for ensuring the reliability of detection. The compu-
tational time for each of these stages is added to obtain the overall
computational complexity of the developed 𝑍−DFT. The computational
time of any algorithm is proportional to its computational complexity.
The computational complexity of each stage is provided below.

(i) Computational complexity for object (i.e., person) detection
and tracking: OD is done using deep network G-RCNN, and tracking
task is done by making a proper assignment between same objects
detected over two consecutive frames. G-RCNN consists of G-AlexNet
architecture. As said earlier, G-AlexNet consists of five convolutional,
three pooling, one RoI, two anchor generation, and three fully con-
nected layers. At the first convolution layer of G-AlexNet, 96 filters each
having size 11 × 11 with stride = 4, and padding = 0 are used for the
convolution operation. Let 𝑁 ×𝑁 be the size of the input fed to the G-
AlexNet for the generation of feature maps. Computational complexity
for this operation is defined as:

𝑂(96 × ((𝑁 − 11 + 2 × 0)∕4) + 1 × ((𝑁 − 11 + 2 × 0)∕4) + 1)

= 𝑂(96 × (𝑁 − 7)∕4 × (𝑁 − 7)∕4) = 𝑂(𝑁2) (13)

Therefore total computational complexity for the convolution operation
at five convolutional layers is 5 ×𝑂(𝑁2). At each pooling layer, a filter
size of 3 × 3 with stride = 2 is used. Computational complexity for first
pooling layer operation is defined as:

𝑂((𝑁 − 11)∕2 × (𝑁 − 11)∕2) = 𝑂(𝑁2) (14)

he total computational complexity for the pooling operation at three
ooling layers is 3×𝑂(𝑁2). Computational complexity for the formation
f spatio-temporal granules over Pool1 layer is defined as:
(𝑁) + 𝑂(1) (15)
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Fig. 10. Sample results for falls.
Fig. 11. Robustness checking using Box plot.
Computational complexity for the generation of RoI and anchor-feature
map is 𝑂(1) + 𝑂(1) = 𝑂(2). Finally, computational complexity for three
fully connected layers, classification and bounding-box regression is
defined as:

𝑂(1) + 𝑂(1) + 𝑂(1) + 9 × 𝑂(1) + 9 × 𝑂(1) = 21 × 𝑂(1) (16)

The total computational complexity for detection task is defined as:

𝑂(𝐺 − 𝑅𝐶𝑁𝑁) = 5 × 𝑂(𝑁2) + 3 × 𝑂(𝑁2)

+ 𝑂(𝑁) + 𝑂(1) + 𝑂(2) + 21 × 𝑂(1)

= 8 × 𝑂(𝑁2) + 𝑂(𝑁) + 24 × 𝑂(1)

(17)

The computational complexity for tracking task is defined as:

𝑂(𝑡𝑟𝑎𝑐𝑘𝑖𝑛𝑔) = 𝑂((𝑛 × (𝑛 − 1))∕2) (18)

where, 𝑛 represents the number of person detected in a frame. There-
fore, total computational complexity for detection and tracking task is
as follows:

8 × 𝑂(𝑁2) + 𝑂(𝑁) + 24 × 𝑂(1) + 𝑂((𝑛 × (𝑛 − 1))∕2) (19)

(ii) Computational complexity for feature extraction: As already
defined, OpenPose and object level features are extracted for each
detected person. Here, four type of object-level features are extracted.
If 𝑛 number of persons are detected in any frame, then computational
complexity for extracting features corresponding to these detected
persons is 𝑂(5𝑛).

(iii) Computational complexity for feature analysis and classifi-
cation: It consists of two steps: computation for the analysis of Open-
Pose features and computational complexity for analysis of object-level
features. In the analysis of OpenPose features, initially, the position
difference between two relevant features is computed, and then check,
if this position difference exceeds threshold value or not. Therefore
14
computational complexity for OpenPose feature analysis and classifi-
cation is 𝑂(2). For object-level feature analysis corresponding to each
detected person, change in area, speed, and direction are computed.
The computational complexity of this operation is 𝑂(3). Using the
object-level features, one rule is defined for fall detection. Therefore,
total computational complexity for object-level feature analysis and
classification is 𝑂(4). Hence, total computational complexity for feature
analysis and classification is 𝑂(2) + 𝑂(4) = 𝑂(6).

(iv) Computational complexity for 𝑍-numbers computation for
ensuring the reliability of the classified fall event: Based on the
normalized feature thresholding score (refer to Eq. (11)) (defined in
the rule base system), the transformation rule (refer to Table 1) for 𝑍-
numbers is defined. The computational complexity for this operation is
𝑂(1).

The total computational complexity of the developed 𝑍−DFT is
defined as:

8 × 𝑂(𝑁2) + 𝑂(𝑁) + 24 × 𝑂(1) + 𝑂((𝑛 × (𝑛 − 1))∕2)

+ 𝑂(5𝑛) + 𝑂(6) + 𝑂(1)

= 8 × 𝑂(𝑁2) + 𝑂(𝑁) + 𝑂((𝑛 × (𝑛 − 1))∕2) + 𝑂(5𝑛) + 𝑂(31)

(20)

Table 3 shows the comparative results between the developed
𝑍−DFT and some other state-of-the-art, including SVMFD, FD-KNN,
CNNFD, DLAFD, ARFDNet, LSTM-based (LSTMb), GRU-based (GRUb),
and MHMD in terms of run time. It is observed from the table that
the developed 𝑍−DFT is superior to SVMFD, DLAFD, ARFDNet, LSTM,
GRU, and MHMD and comparable with FD-KNN and CNNFD. In our
developed 𝑍−DFT granulation is done over the convoluted feature
map for accurate detection of person even in case of occlusion. Correct
detection of person also affects the fall detection accuracy. Moreover,
𝑍-numbers are computed based on the deep feature thresholding score
to ensure the reliability of the class of the detected event. Due to the

aforesaid tasks, our developed 𝑍−DFT takes larger time as compared
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Table 3
Results of required computation time for fall detection algorithms.

Algorithms SVMFD FD-KNN CNNFD DLAFD ARFDNet LSTMb GRUb MHMD 𝑍−DFT

Speed(fps) 8 13 11 9 10 7 6 9 11
to FD-KNN and CNNFD. From the previous comparative study, it is
already proved that the 𝑍−DFT is superior to the aforesaid state-of-
he-art in terms of fall detection accuracy. Therefore, in order to make
trade off between fall detection accuracy and speed, 𝑍−DFT is the

uperior choice.

.3.5. Robustness checking
A total of 18 videos acquired from YouTube8M and URFD datasets

re utilized to investigate the robustness of the 𝑍−DFT for fall detec-
ion. Consequently, a total of 18 accuracy are obtained that help in
he generation of a box-plot for robustness checking of the developed
−DFT. As already defined, the 𝑍−DFT can detect both ‘single fall’

nd ‘multi fall’. The robustness of 𝑍−DFT in terms of box plot analysis
or both single and multi fall detection is shown in Fig. 11(a). It
s evident from this figure that the developed 𝑍−DFT for multi-fall
etection shows the higher accuracy with lowest range of dispersion
s compared to single-fall detection. The model (𝑍−DFT) is able to
chieve an average accuracy of 98.87% for single fall and 99.2% for
ulti fall. Another box plot analysis is done for the 𝑍−DFT, SVMFD,

D-KNN, CNNFD, DLAFD, ARFDNet, LSTM, GRU, and MHMD over both
ouTube8M and URFD data to prove the robustness of the 𝑍−DFT
ver others. Result is exhibited in Fig. 11(b). From this figure, it is
vident that the developed fall detection algorithm (i.e., 𝑍−DFT) for
oth YouTube8M and URFD data shows maximum accuracy with the
owest degree of dispersion as compared to SVMFD, FD-KNN, CNNFD,
LAFD, ARFDNet, LSTM, GRU, and MHMD. Hence, the robustness of
−DFT is proved.

. Conclusions

Fall events on roads (i.e., outdoor) are increasing each year. It is
appened due to either collision, near-miss, poor road condition, lack of
aintenance, incompetency, and(or) negligence of human. Moreover,

n home, the number of falls relates to aged persons increases day
y day. Therefore, human-safety becomes pertinent nowadays. The
eal-time detection of falls and adaptation of on-time corrective and
reventive actions are required for improving the human-safety. Pre-
ious studies are mainly focused on indoor (i.e., home) and outdoor
i.e., construction area) falls based on simulated data. Moreover, no
esearch has been conducted on handling the uncertainty issue arising
etween various ‘Fall’ and ‘No Fall’ events under complex scenarios.
n order to address these issues, we have developed a new algorithm,
amely 𝑍−numbers-based deep feature thresholding (𝑍−DFT) for fall
etection in both indoor and outdoor areas.

To demonstrate the efficacy of the developed 𝑍−DFT, comparisons
with some state-of-the-arts (i.e., SVM-based (SVMFD) [31], KNN-based
(FD-KNN) [36], CNN-based (CNNFD) [65], Deep neural network-based
(DNN) [66], Trajectory weighted deep convolutional rank pooling-
based (TWDCRP) [67], Deep learning and activity characteristics-based
(DLAFD) [40]), ARFDNet [43], LSTM-based [5], GRU-based [42], and
Multi-human fall detection (MHFD) [41] are conducted using two
datasets, namely YouTube8M [64] and URFD [63]. Speed (fps) and
accuracy (%) are used as performance metrics for the evaluation.
From the comparative study, it is seen that the developed 𝑍−DFT is
applicable for the detection of single- and multi-falls in both indoor
and outdoor areas. This flexibility enables its usage in a wide variety
of instances. Moreover, it is also seen from the experiments that the
developed 𝑍−DFT is superior in terms of both accuracy and speed. We
have also demonstrated that the developed 𝑍−DFT is robust than the
said state-of-the-art. Therefore, our study aims to hold contributions in
15

both theoretical and piratical aspects.
6.1. Theoretical contributions

The conceptual framework of the general fall detection system
comprises five phases: (i) analysis of the characteristics of falls, (ii)
installation of CCTV, (iii) development of a fall detection algorithm,
(iv) training/validation, and (iv) implementation. We have contributed
in the aforesaid fourth and fifth phases. The developed 𝑍−DFT has
four phases: (i) object detection and tracking, (ii) feature extraction,
(iii) feature thresholding and rule generation, and (iv) 𝑍−numbers-
based analysis for ensuring the detection. Unlike state-of-the-art meth-
ods, both OpenPose and object-level features are used in 𝑍−DFT for
better modeling of falls. Some features are derived using the Open-
Pose (i.e., position of ankle, nose, neck, and knee) and object-level
(i.e., change in area, aspect ratio, speed variation, and change in
direction) features. The derived features are further analyzed for de-
termining optimal thresholds in order to obtain the probable locations
of falls. These features are combined using two formulated rules for
obtaining the specific locations of falls. Further, 𝑍-numbers are com-
puted using the feature thresholding scores in order get the degree of
detection. As per the author’s knowledge, this is the first time when the
concept of 𝑍-numbers is used for fall detection.

6.2. Practical implication

From the practical point of view, fall detection system is very
useful in enhancing the human-safety. Using the developed 𝑍−DFT
algorithm, fall events can be detected from live stream videos. After
the detection of a fall, a video clip corresponding to the same event
is generated and stored in the database. This video clip can be used
in future for analyzing the probable cause(s) of the event. In case of
both indoor (i.e., home) and outdoor (i.e., road) scenarios, the video
clips are used to aware the concerned persons about their abnormal
behavior related to falls. The training of these persons is done to rectify
their faults, thereby reducing the number of fall events related to the
abnormal behavior. Whereas, if the cause is related to the environment,
then correct preventive measures should be taken by the concerned
authority to stop re-occurring the causes of falls. In addition, after the
on-time detection of fall, an alarm is generated in the control room for
sending an immediate help to the fall location in order to mitigate the
impact of fall. All these enhance the human-safety.

6.3. Effectiveness of the developed 𝑍−DFT algorithm

The effectiveness of the developed 𝑍−DFT algorithm for fall de-
tection are: (i) uncertainty issue arising between various indoor and
outdoor falls, and no-falls under complex scenarios is addressed, (ii)
OpenPose features combined with object-level features enable 𝑍−DFT
in modeling both indoor and outdoor falls using a single unified system,
(iii) As feature thresholding is done using the statistical information
of video contents, 𝑍−DFT holds the generalization ability in detecting
both indoor and outdoor falls, (iv) the usefulness of 𝑍−numbers en-
sures the reliability of the detected fall event, and (v) the developed
fall detection system enhances the human safety.

6.4. Limitation and future scopes for the study

The present study has a few limitations. Only four OpenPose fea-
tures are considered in this study. More number of features may be
used for enhancing the detection accuracy. Moreover, the scope of

the present study is limited to the monocular vision only. Future
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c
t

studies may consider the development of a fall detection algorithm for
stereo vision. Additionally, rough concept [68,69] may be used with
𝑍−numbers to enhance the detection capability. In this context, a de-
ision support system [70] may also be developed for better managing
he fall detection.
Algorithm 1: 𝑍−DFT Algorithm.
Input: Tuple ({𝐿}) containing 𝑥 and 𝑦 coordinates of all 𝑘 = 18 features

for 𝑛 number of detected person in the current video frame (𝑡𝑡ℎ).
Output: {𝑂𝑢𝑡𝑝𝑢𝑡} : Fall or No Fall.
Initialize the set {𝐿}𝑡 , 𝑡 = 0, 1, ..., 6 ← 𝜙
Initialize the set {𝑂𝑢𝑡𝑝𝑢𝑡} ← 𝜙
for 𝑗 = 0 to 𝑛 do
for 𝑖 = 0 to 𝑘 do

Compute 𝑑𝑡𝑖 (𝑛𝑙𝑘), 𝑑
𝑡
𝑖 (𝑛𝑟𝑘), 𝑑

𝑡
𝑖 (𝑛𝑙𝑎), and 𝑑𝑡𝑖 (𝑛𝑟𝑎) using Eq. (3).

Compute 𝑑𝑡𝑖 (𝑛𝑘) and 𝑑𝑡𝑖 (𝑛𝑎) using Eq. (4).
if 𝑑𝑡𝑖 (𝑛𝑘) ≤ 𝑇ℎ1 or 𝑑𝑡𝑖 (𝑛𝑎) ≤ 𝑇ℎ2 then

Fall may happen
Compute 𝑑𝑡𝑖 (𝐴), 𝑑

𝑡
𝑖 (𝐴𝑅), 𝑑

𝑡
𝑖 (𝑆), and 𝑑𝑡𝑖 (𝐷𝐼𝑅) using Eq. (2).

Compute 𝑑𝑖𝑓 𝑡
𝑖 (𝐴), 𝑑𝑖𝑓

𝑡
𝑖 (𝑆), and 𝑑𝑖𝑓 𝑡

𝑖 (𝐷𝐼𝑅) using Eq. (7).
if 𝑑𝑖𝑓 𝑡

𝑖 (𝐴) ≥ 𝑇ℎ3 and 𝑑𝑡𝑖 (𝐴𝑅) ≥ 𝑇ℎ4 then
if 𝑑𝑡𝑖 (𝑆) = 0 and (𝑑𝑖𝑓 𝑡

𝑗 (𝑆)
𝑛𝑡
𝑗≠𝑖 × 𝑑𝑖𝑓 𝑡

𝐽 (𝐷𝐼𝑅)𝑛𝑡𝑗≠𝑖) ≥ 𝑇ℎ5 then
Fall event is detected
Compute 𝑑𝑡𝑖 (𝑁𝐹𝑇 ) using Eq. (11).
Compute 𝑍-number based on 𝑑𝑡𝑖 (𝑁𝐹𝑇 ).
if 𝑍-number for a fall event follow rule (AI,
𝑑𝑡𝑖 (𝑁𝐹𝑇 )>0.9) then

Fall must happen
{𝑂𝑢𝑡𝑝𝑢𝑡} ← Fall event

end
end

end
end

end
end
return 𝑂𝑢𝑡𝑝𝑢𝑡
End
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