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ABSTRACT

In this study, a new deep learning-based model, namely, transfer learning-based granulated Bi-LSTM (TLG-
LSTM) is developed for fall detection on roads. The TLG-LSTM can handle the uncertainty issue arising between
various ‘Fall’ and ‘No Fall’ events in complex scenarios concerning both indoor (i.e., home) and outdoor
(i.e., road) areas. The TLG-LSTM consists of four phases: (i) object detection and tracking, (ii) MoveNet-
Lightening and object-level feature(s) computation for all the detected objects, (iii) granule formation using
these features, and (iv) temporal self attention mechanism-based Bi-LSTM for granule classification as ‘Fall’
or ‘No Fall’. Unlike state-of-the-art models, TLG-LSTM uses both MoveNet-Lightning and object-level features,
enabling better modeling of both indoor and outdoor falls. For each detected object, two MoveNet-Lightning
features, namely head-hip distance and hip-ankle distance are defined and used for obtaining a granule,
namely pose granule. Whereas, three object-level features, namely change in aspect ratio, speed variation,
and change in area are used for obtaining another granule, namely object granule. The commonality between
these two granules represents the approximate regions concerning fall scenarios. Instead of the entire frame,
these common granules are fed to the Bi-LSTM network for fall classification, thereby increasing speed as
well as accuracy. Moreover, temporal self attention mechanism-based transfer learning is used to re-train the
Bi-LSTM network, enhances the training speed and accuracy. Characteristics of TLG-LSTM are demonstrated
over several real-time traffic videos acquired from ‘YouTube8M’. The superiority of the developed TLG-LSTM

is also claimed over several state-of-the-art models.

1. Introduction

According to the statistics of World Health Organization (WHO) [1],
fall on road is the second leading cause of unintentional traffic in-
jury death worldwide. Annually, approximated 684,000 individuals
succumb to death due to falls. Most of the fallen people are senior
citizen. As per WHO statistics [1], annually, approximated 37.3 million
cases including both fatal and non-fatal falls require medical attention.
Falls can have devastating repercussions for people of all ages, but
the elderly are particularly vulnerable [2]. On road, due to various
traffic events (e.g., collision, near-miss, etc.), ‘Fall’ may occur. As a
consequence of ‘Fall’, pedestrians may get injured. Sometimes, ‘Fall’
may occur on road due to either the negligence in pedestrian’s behavior
or unawareness during the crossing of the road [3]. Effect of falls can
be broadly classified as: (i) physical harm (e.g., fractures and cuts), (ii)
psychological repercussions (e.g., loss of independence), (iii) financial
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burden, and (iv) death (mostly applicable to elder person). It is essential
to develop a model that can be used in detecting real-time falls on
road to mitigate their impacts by sending the immediate help to the
fall locations, thereby enhancing the pedestrian safety.

Various sensory modalities, such as accelerometer [4], inertial mea-
suring units (IMUs) [5], microphone [6], radar [7], and camera [8] are
used for gathering the information of falls. Accelerometers can capture
the information of change in acceleration and velocity. Whereas, IMUs
provide more information on movement and orientation by combining
accelerometers, gyroscopes, and occasionally magnetometers. Micro-
phones can be used to capture sounds which are occurred during
falls, including screams or the sound of an impact. Radar sensors and
cameras are used for capturing falls in terms of electromagnetic waves
and images, respectively. Out of these, cameras are cheaper smaller
and of higher quality than ever before. Moreover, imaging technology
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has immensely progressed in recent years. Concurrently, the computing
power of multi-core processor has dramatically increased. All these lead
to using cameras for fall detection to pursue real-time applications [9].
Falls can be occurred in both outdoor and indoor areas. Outdoor
areas include construction site and road [10]. Whereas, indoor ar-
eas include home and hospital [10]. Image-based analysis concen-
trates on specific details of human posture, movement, and orientation
to increase the fall detection accuracy. Image analysis can be done
using both machine vision and image processing. Machine vision-
based models can perform complex tasks. Nowadays, the existing large
datasets (containing various situations) make machine vision-based
models highly flexible and adaptable. Moreover, machine vision-based
models can integrate multiple data types, such as visual data, sensor
data, and contextual information. Machine vision-based models can
provide a more comprehensive understanding of complex situations,
thereby improving the accuracy. All these prove the superiority of
machine vision-based models over image processing-based models for
fall detection [11]. Machine vision-based models for fall detection
are broadly classified into two categories, including machine learning-
based models and deep learning-based models [10]. In recent times,
due to having the self-learning ability using suitable features, deep
learning-based models (computer vision (CV)) provide their superi-
ority over traditional machine learning-based models [11]. Patterns
of subject’s posture and movement are very useful for characterizing
fall scenarios [12,13]. In case of unavailability of data, Generative
Adversarial Network (GAN) [14] is used for generating the fall data
which is further used for training, thereby enhancing the precision.
Convolutional Pose Machine (CPM) [15] is one of the most often
utilized multi-stage deep networks for fall detection. CPM is used to
determine the human body’s 2D stance from an image or video frame.
But it requires high processing power. Deep Convolutional Neural
Network (DCNN)-based object-level features are temporally aggregated
using Long Short-Term Memory (LSTM) network for fall detection [16].
In [17], the gated recurrent unit (GRU) is combined with CNN for
fall detection. Context-aware model-based feature(s) analysis using
3D-CNN provides higher accuracy in fall detection tasks [18].
Aforesaid deep learning-based models are restricted to the huge
amount of fall incident related data, which may not be available or
affordable always. Moreover, aforesaid studies are focused on designing
models or networks for detecting either indoor falls (related to senior
citizens residing at home) or outdoor falls (related to workers who
are working in the construction area). This is due to the nature of
falls which is varied from one scenario to another. It creates uncer-
tainty in describing the characteristics of falls. The said uncertainty
issue should be addressed to detect falls in both indoor and outdoor
scenarios and differentiate the fall event from the no-fall event. All
these necessitate to make a generic fall detection system that can be
applicable to detect both indoor and outdoor falls concerning complex
scenarios. Granular computing [19] which function in granular level
for handling uncertainty is effective for large data. Various techniques
such as fractional fuzzy grammar [20], fuzzy geometry [21] and rough-
fuzzy integration [22] are developed in handling such uncertainty
arising from granularity. While the fractional fuzzy grammar deals
with spatial geometrical granularity in image plane for its syntactic
recognition, fuzzy geometry combines the fuzzy set theory with ap-
proximate reasoning in handling the imprecise patterns of data. The
rough-fuzzy integration [22] is significant when the uncertainty arises
from both overlapping region and granularity in the domain. Due to
the advantages of granulation in uncertainty analysis, we have used
the concept of granulation in defining the approximate regions of falls.
It is well known that LSTM-based models are designed to capture
the deviation in temporal information for a long sequence [16,23]. It
is also known that ‘Fall’ is not an instantaneous event. A ‘Fall’ event
involves human movements over time. Due to having the ability to
model the temporal progression for long sequences, LSTM-based models
are superior to traditional object detectors in distinguishing falls from
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no-fall activities. Characteristics of the ‘Fall’ event are varied from
one scenario to another. Therefore, it is hard to obtain labeled data
containing fall scenarios. In cases of data scarcity problems, transfer
learning is used to retrain the model efficiently [24]. Using transfer
learning, the model’s performance can be improved significantly in
cases of limited training data. By incorporating the concept of transfer
learning within the LSTM, fall detection accuracy can be improved
for the data scarcity problem. The traditional LSTM-based fall detec-
tion models use the entire region as a region of interest (Rol) for
classification. In case of a data scarcity problem, some undesirable
regions (e.g., ‘No Fall’ regions) might affect the detection accuracy
for their wrong classification. To overcome this issue, the concept of
granulation (clustering) is introduced within the LSTM to narrow its
focus on the regions where the probability of occurrence of falls is
higher than that in any other parts, thereby increasing both speed
and accuracy. Keeping in mind the advantages of using granulation,
LSTM, and transfer learning for detection tasks in the temporal domain
with data scarcity problems, a new model, namely transfer learning-
based granulated Bi-LSTM (TLG-LSTM) is developed using the aforesaid
concepts for fall detection.

The developed TLG-LSTM consists of four stages: (i) object detection
and tracking, (ii) feature extraction from the detected objects, (iii) fea-
ture analysis for granulation, and (iv) transfer learning-based Bi-LSTM
for granule classification as ‘Fall’ or ‘No Fall’. For object detection, we
employ a combination of YOLOV8 (one-stage detector) [25] and Faster
RCNN (two-stage detector) [26] to maintain a trade off between in-
ference speed and detection accuracy. After detection, bounding boxes
are fitted over all the detected objects (persons) to track individuals.
Subsequently, for each tracked object, both MoveNet-Lightning and
object-level features are computed and investigated for better modeling
of falls in diverse scenarios. MoveNet-Lightning features are leveraged
for human pose estimation, trained on the MSCOCO Dataset. Two
MoveNet-Lightning features, namely head-hip distance and hip-ankle
distance, and three object-level features, namely change in aspect
ratio, speed variation, and change in area are used. As GPU may
not be afforded always, the CPU version of MoveNet-Lightning-based
pose estimator is used to make the feature extraction process more
energy efficient and cost effective. Both MoveNet-Lightning and object-
level features are analyzed for accessing granules that represent the
approximate regions concerning falls. These granules are fed to the Bi-
LSTM network to obtain the specific fall location. Granulation using
both MoveNet-Lightning and object-level features, along with Bi-LSTM
classification tasks, strengthens the detection results. It is well known
that deep network requires enormous training data which may not be
accessible always. In order to address this issue, we have used tempo-
ral self attention mechanism-based transfer learning for re-training of
Bi-LSTM even in case of unavailability of data.

The proposed TLG-LSTM is demonstrated over several real-time
videos comprising of various ‘Fall’ and ‘No Fall’ events concerning both
outdoor (road) and indoor (home) scenarios. These videos are acquired
from URFD and YouTube8M datasets [10]. To show the superiority of
the developed TLG-LSTM, a comparative study is done with some other
state-of-the-art models. It is also demonstrated that the developed TLG-
LSTM is able to overcome other issues, including generalization ability
in applying to multiple situations with real-life complex scenarios.
Thus, the objective of this study is to develop a robust multi-person
fall detection model that can be used in a variety of complex scenarios.
Based on the aforesaid discussion, the contributions of our study can
be summarized as below:

(i) A new model, namely transfer learning-based granulated Bi-
LSTM (TLG-LSTM) is developed for real-time fall detection in
various scenarios concerning both indoor (i.e., home) and out-
door (i.e., road) areas.

(ii) Unlike state-of-the-art models, in TLG-LSTM, both MoveNet-
Lightening and object-level features are analyzed for character-
izing the traffic-fall scenarios in an improved way.
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(iii) In TLG-LSTM, three object-level features, namely change in
aspect ratio, speed variation, and change in area, and two
MoveNet-Lightening pose features, namely head-hip distance
and hip-ankle distance are analyzed for obtaining granules by
defining two linguistic rules. Commonality between these two
granules represents the approximate locations of falls.

(iv) Common granules are fed to the Bi-LSTM network for detecting
the specific locations of falls. Instead of the entire frame, use of
granules for fall classification, enhances the detection speed as
well as accuracy.

(v) For re-training of Bi-LSTM, temporal self attention mechanism-
based transfer learning is used to enhance the training accuracy
and speed.

The rest of the paper is organized as follows: Section 2 presents the
related works. The developed TLG-LSTM is illustrated in Section 3. In
Section 4, the results are discussed. Finally, we conclude this study and
state some future scopes in Section 5.

2. Related works

The key literature on fall detection are broadly categorized into two
classes, including rule-based models and deep learning-based models,
as described in the following sections.

2.1. Rule-based models

In rule-based models, useful features are computed and evaluated
using some defined rules (based on thresholds) for a specific task. This
is done in an unsupervised way, therefore, rule-based models are useful
in case of having less amount of training data [10]. The effectiveness
of a rule-based models depends on how the features and corresponding
thresholds are chosen [27]. Features used for fall detection are broadly
categorized into two classes, namely pose features and object-level
features. Pose estimation models are used to obtain the pose of human
based on the pixel-related features [28]. In [29], human skeleton
related OpenPose features are extracted and used for rule generation
for classifying an event as ‘No Fall’ or ‘Fall’. In [30], the MoveNet-
Lightening features are used to train the MobileNetV2 network for
detecting falls in aircraft maintenance environment. Lightweight pose
estimation technique is used in [31] for real-time fall detection. In [10],
it is demonstrated that the pose features combined with object-level
features provides better modeling of the fall events even in case of
complex scenarios.

A large number of researches have concentrated on object-level
features to model the characteristics of human falls. In [32], center
of gravity and aspect ratio of each detected person are used for fall
detection. In another study [33], height of centroid and torso angle
are used for fall detection. The silhouette area ratio is also effective in
fall detection [34]. For a person, volume is combined with the waiting
time spent by its centroid for modeling fall event [35]. In [36], various
object-level features, context, and semantic information are fed to the
deep network having multiple branches for characterizing human falls.
In [10], Z-numbers computation along with rule-based feature analysis
are done for modeling fall events concerning both outdoor and indoor
scenarios. The formation of rough fuzzy granules using these features
may enhances the detection accuracy. Some key literature on deep
learning-based fall detection models are presented in the next section.

2.2. Deep learning-based models

In recent years, deep learning-based models gain a lot of attention
due to their self learning ability [3]. In [37], deep CNN is integrated
with LSTM for fall detection by aggregating the temporal features.
In [38], the deep CNN is combined with GRUs for fall detection by
pooling latent features. In [39], the LSTM is trained using OpenPose
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features for detecting human falls. Whereas, in [40], 3D-CNN is trained
with depth information for recognizing an event as ‘Fall’ and ‘No
Fall’, leading to inaccurate results. In [41], Recurrent Neural Network
(RNN) is integrated with LSTM for fall detection. Due to having the
ability of data coding for unsupervised models, auto-encoders gain
much attention in fall detection tasks [42]. The spatio-temporal feature-
based convolutional auto-encoder is developed in [43] for detecting
human falls. In [17], OpenPose and skeleton features are used to train
the LSTM network for modeling human falls.

Using transfer learning, the pre-trained model which is trained over
general datasets, can be applied to a specific task. This significantly
reduces the amount of domain-specific data requirement. Therefore,
transfer learning is very effective for data scarcity problems [44]. Sev-
eral studies have explored the use of transfer learning for fall detection
tasks. In [4], transfer learning is used to retrain a deep CNN (having
three convolutions, two max pooling, and three fully connected layers)
for fall detection over IoT and fog computing environments. In [18],
transfer learning is used to a pre-trained 3D CNN model (trained over
MS-COCO dataset) for capturing the spatio-temporal patterns of fall
events. In [45], the knowledge of human body movements is used to
fine-tune the pre-trained deep CNN for fall detection. In [46], transfer
learning is done by adding batch normalization and drop-out layers
to a simple deep CNN (called HActivityNet) for human fall detection.
In [47], a new Two-Stream Inflated 3D ConvNet (I3D) is developed
based on 2D ConvNet inflation, i.e., filters and pooling kernels of very
deep image classification ConvNets are expanded into 3D. The I3D
architecture is developed for general action recognition. It is adopted
for fall detection tasks by re-training on Kinetics data. In [48], a
multi-stage architecture, namely MS-TCN is developed for fall detection
due to its ability to multi-scale action in video sequences. However,
aforesaid studies are focused on either indoor falls (occlusion-free sce-
narios) constructed for senior citizens living in homes or outdoor falls
(combination of both occlusion-free and complex scenarios) developed
for workers working in the construction area. Moreover, the uncertainty
issue that arises among various ‘Fall’ and ‘No Fall’ events corresponding
to the complex scenarios may not be handled using the aforesaid deep
learning-based studies.

Based on the aforesaid discussion, key research issues are mentioned
as follows:

(i) There is a very limited research on using granulation for fall
detection tasks.
(ii) Deep learning-based models are focused on either indoor falls or
outdoor falls.
(iii) There is a lack of research on deep learning-based models for
handling the uncertainty issue arising between ‘Fall’ and ‘No
Fall’ events.

To address the aforesaid issues, transfer learning-based granulated
Bi-LSTM (TLG-LSTM) is developed by incorporating the concept of
granulation, pose-features, transfer learning, and Bi-LSTM, as described
in the next section.

3. TLG-LSTM

The developed TLG-LSTM model is demonstrated in Fig. 1. From
this figure, it is seen that, initially, objects (i.e., person) are detected
and tracked for each input frame, as described in Section 3.1. There-
after, both MoveNet-Lightening and object-level features are computed
corresponding to each detected and tracked object, as explained in
Section 3.2. Aforesaid features are analyzed for obtaining granules, as
presented in Section 3.3. Instead of the entire frame, only these gran-
ules are fed to the Bi-LSTM network for classification tasks. Temporal
self attention mechanism-based transfer learning is used to re-train the
Bi-LSTM network, as explained in Section 3.4.
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Fig. 1. A schematic diagram of TLG-LSTM.

3.1. Object detection and tracking

Object tracking is followed by the object detection task. Methods
used for object detection and tracking are stated in Sections 3.1.1 and
3.1.2, respectively.

3.1.1. Object detection

Fall event is related to only one object-class, i.e., person. Therefore,
person detection is the pre-requisite of fall detection tasks. It is well
known that one-stage detectors can achieve high inference speed [25]
and two-stage detectors can achieve high accuracy [11] in object detec-
tion tasks. It is also seen from an experiment that, one-stage detectors
while performing admirably under typical conditions, experience inter-
ruptions in detection when individuals assume unconventional postures
during a fall event. The detection using one-stage detector resumes
once the individual is lifted and regained a standing position, resulting
an information loss during these intervals. Due to having the region
proposal block, two-stage detectors can address the aforesaid issue
but slows down the process. Keeping in mind the advantages of both
detectors, we have combined both one-stage and two-stage detectors
for obtaining a trade off between speed and accuracy in handling
such complex situations to ensure comprehensive fall detection cov-
erage. Due to having high inference speed, one-stage detector is used
as primary detector for fitting the bounding-boxes over the detected
objects present in a frame. Whereas, two-stage detector is used as a
secondary detector which is used for two cases: (i) when the bounding-
box obtained by the primary detector is disappeared in an intermediate
frame, and (ii) mis-classification is done by the primary detector.

Various one-stage detectors, namely YOLOv5, YOLOv7, and YOLOv8
[25] have demonstrated commendable performance in terms of both
inference speed(ms) and accuracy (mAP). A comparative study is
conducted to find the best one among these three detectors. All these
detectors are trained on the MS COCO dataset and tested over 500
frames that are acquired from a URFD video [49]. Detection results
are shown in Table 1. From this table, it is evident that YOLOVS is
superior in terms of speed, mAP, and % of false detection. Hence,
the detector, YOLOVS is used as a primary detector. Whereas, a two-
stage-detector, namely Faster R-CNN [26] is used as a secondary
detector due to its high detection accuracy. ResNet-50 is used as a
backbone of Faster R-CNN. The combination of YOLOv8 and Faster

~ —
.
\
(
}
4
~ - I~ —
— . 4
Table 1
YOLO Comparisons on 500 frames (GPU: RTX 3060 6GB).
YOLOvV5 YOLOvV7 YOLOvS8
Speed (ms) 2150 1072 913
False Detection 22.9% 7.3% 8.2%
mAP 0.42 0.47 0.48

RCNN exhibits improved performance when confronted with awkward
poses. The result of YOLOv8+Faster RCNN is presented in Fig. 2. Here,
Fig. 2(a) represents the detection result of YOLOvS8. From this figure,
it is seen that YOLOvV8 successfully detects person along with some
mis-classification of background as person. In order to eliminate these
mis-classified background, corresponding regions are fed to the Faster
RCNN for obtaining the final detection result, as presented in Fig. 2(b).
This result evident that all mis-classifications are eliminated. Therefore,
in this study, we have used the combination of YOLOv8 and Faster
RCNN for person detection. After the detection, detected persons are
tracked, as explained in the next section.

3.1.2. Object tracking

Among various tracking techniques, Deep SORT demonstrates the
fastest performance, achieving an average speed of 24 fps (frames per
second) while maintaining high accuracy [11]. Therefore, Deep SORT is
used to facilitate continuous tracking of individuals across a sequence of
frames. Deep SORT employs a convolutional deep network to generate
an appearance descriptor corresponding to the detected object. This
appearance descriptor is subsequently utilized for tracking through
Kalman Filters. During the detection task, when an object initially de-
tected in a frame, it is assigned by a unique identification (ID). During
tracking, this ID is then employed for making an assignment between
the same object appears in subsequent frames. It is also found from an
extensive study that stationary objects which are not indicative to a fall,
may not introduce variations in feature shapes across different batches
of frames. During tracking, for obtaining these stationary objects, two
approaches are implemented: (i) if an object appears for only one frame
corresponding to a batch, it is considered as stationary object from
the frame where it is detected first time, and (ii) any object exiting
the frame before the final frame of the batch is considered stationary
from the frame of its last appearance until the last frame of the batch.
For each detected and tracked object (person), various features are
computed, as explained in the following section.
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Fig. 2. Results of YOLOv8+Faster R-CNN.
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Fig. 3. Co-relation between position of head, hip, and ankle.

3.2. Feature computation

Both pose and object-level features are computed corresponding to
each detected and tracked object (person). Various well-known pose
estimators are OpenPose, MoveNet-Lightening, MoveNet-Thunder, and
PoseNet. Total time required by all these pose-estimators for process-
ing 500 frames are 283.453 s, 28.446 s, 64.933 s, and 39.831 s,
respectively. It is evident that, OpenPose performs the slowest while
MoveNet-Lightning performs the fastest. While testing on MS-COCO
dataset it is found that there is a comparable accuracy between PoseNet
and MoveNet-Lightening. To maintain a trade off between speed and
accuracy, MoveNet-Lightening is used in this study for estimating the
position of head, hip, and ankle of a person instead of all the joints.
For three fall scenarios, ratios between head-hip distances and hip-
ankle distances over thirty consecutive frames are presented in Fig. 3.
From this figure, it is evident that, a definite trend (high spike) of
ratios (between head-hip and hip-ankle distances) is found from 1st to
5th frames corresponding to an actual fall event. Therefore, three pose
features, namely position of head, position of hip, and position of ankle
are used in modeling fall events.

Let o} be the ith detected object (person) present in the current
frame (f). Let Ypeqqats Ypips @0d Y4 be the locations of y-coordinate
corresponding to ‘head’, ‘hip’, and ‘ankle’ for ol. Let Xhead!s Xhip!» and

X ukiet D€ the locations of x-coordinate corresponding to ‘head’, ‘hip’,
and ‘ankle’ for o!. Let d(H H}) and d(H A!) be the head-hip and hip-ankle
distances for Ozt" defined as:

‘yhead: - yhip;) + |xheadlf - xhip?)

d(HH”) = 2
(€]
|yhip§ - yankle; + ’xhip: - xanklef
d(HA:) = 5

For each detected person, along with pose features, three object-level
features, namely speed variation, change in area, and change in aspect
ratio are considered. Aspect ratio is the ratio between width and height
of the bounding-box fitted over the detected person. Let AR}, V//, and A}
be the aspect ratio, velocity, and area for the ith person (ol’.) present in
f:- Let B! be the bounding-box fitted over o!. Let (x}, y!) be the location
of the centroid corresponding to B!. Let w! and h! be the width and

height of B]. Here, AR/, V/, and A! are defined as:
w'

AR = h_’l

1

2
V=) ?

A= wl X B
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where V'x! and Vy! represent velocity components for o} corresponding
to the x-axis and y-axis, respectively. Velocity component is mea-

sured based on the spatial information of consecutive three frames, as
=3 _ .1 1=3_t

X777 —x V: Ve
defined: Vx} = == —— and Vyl="5 > -,

All these object-level features and pose features are analyzed for
obtaining granules that are prone to fall locations, as explained in the
next section.

3.3. Granulation

Granulation is done to obtain the probable fall regions over the
video frames in terms of granules (clusters). Two types of granules,
namely object-granule and pose-granule are formed using object-level
features and pose features, respectively. The object-granule ({OG})
is formed using the information of aspect-ratio, velocity, and area.
There are two types of object granules, namely {OG} and {OG,,}
corresponding to ‘Fall’ and ‘No Fall’ scenarios, respectively. During
the fall incident, there is an abrupt changes found in aspect ratio,
velocity, and area. Let d(AR}), d(V), and d(A!) be the change in aspect
ratio, velocity, and area, respectively. The d(A R".), d(Vi'), and d(A}) are
defined as:
d(AR)) = |AR - AR”|

d(K’) — ‘I/’I _ I/i!—] ) (3)
d(Ap = | A7 - A

An object, of belongs to {OG f}, if it follows the rule which is defined
below.

0, € {OG,} | (d(AR) > Th}) (V) > Th}) n(d(A) > Th}) #0  (4)
where thresholds, T' hj',, T hf,, and Th3f are defined as:

Th} = Har T Oar

1

Thin =uy + 507 5)
1

Th3f =y + 504

where y, and o, define mean and standard deviation of a set, say ()
containing a feature (either object feature or pose feature) for an object
over all frames (P) present in a video containing both ‘Fall’ and ‘No Fall’
scenarios. An object, o! belongs to {OG,}, if it follows the rule which
is defined below.

0, € {OG,/} | (d(AR})) < Th) )n(@d(V) < Th? )N(d(A}) <Th; ) #0 (6)

n

where thresholds, Th! ., Th? , and Th? are defined as:
1 nf nf nf
Th}lUr =i g+ EO'AR
1
Th3f=”V+§O-V @

Thi ;= Hat %a A
The defined granules, {OG,} and {OG,,} represent the probable
locations of falls and no-falls, respectively. Another granule, namely
pose-granule ({ PG}) is formed using the information of head-hip and
hip-ankle distances. There are two types of pose granules, namely
{PG,} and {PG,,} corresponding to ‘Fall’ and ‘No Fall’ scenarios,
respectively. During fall, there is an abrupt change found in head-hip
distance and hip-ankle distance. An object, o} belongs to {PGf}, if it
follows the rule defined below.
d(HH")

o e{PG >Tht 8
i { f} | d(HAf) f ( )
where thresholds, Th‘} is defined as: Th‘} = pam +0amm . An object,
d(HA) d(HA)
of belongs to { PG, }, if it follows the rule which is defined below.
d(HH"
o} € {PG,/} | — <Th! ©)

— <
d(HA") "
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where thresholds, Th*, is defined as: Th* = pawun — camm. The
nf nf A(HA) A(HA)
defined pose-granules, {PGf} and {PGﬂf} represent the probable

location of falls and no-falls, respectively. In order to get the higher
degree of reliability for the probable fall location, a new granule,
namely {CG} is obtained by keeping the commonality between {OG}
and {PG}. There are two types of {CG}, namely {CG} and {CG,,}
for representing the approximate Fall and No Fall regions. The {CG f}
is defined as:

oG PG
{0G,} n{PG,} 505 10)
{oG ju{PG,}
Whereas, the {CG,} is defined as:

oG, PG,
{ nf}n{ nf} > 05 a1
{Oan} U {Pan}

Instead of the entire frame, the developed {CG/} and {CG,,} are used
for classification tasks. This is explained in the next section.

o} — {CG,} |

O; - {Can} |

3.4. Classification network

The developed {CG,} and {CG,;} are fed to the classification
network for fall detection. As seen in Fig. 1, the classification network
consists of three parts: Conv block, Bi-LSTM, and Fully connected lay-
ers. The Conv block has three linear Conv1D layers, namely ConvlD,,
ConvlD,, and ConvlD; which contain 32 filters, 128 filters, and 256
filters, respectively. Each filter having size of (3 x 3). The output of
ConvlDj5 layer is fed to the Bi-LSTM network [50] of having 512 hidden
nodes. The output of Bi-LSTM is converted to 1-dimensional weighted
array through the fully connected layer. Thereafter, this 1-dimensional
weighted array is fed to the SVM for classification tasks. Two-class
(‘Fall’ and ‘No Fall’) prediction is done. In case of having insufficient
training data, to re-train the Bi-LSTM network, the concept of transfer
learning is introduced with the Bi-LSTM network.

Transfer learning using the temporal self attention mechanism facili-
tates the understanding and capture of the underlying patterns required
for accurate prediction by navigating through the sequence data with
judicious allocation of focus to key time steps. This mechanism can
be easily integrated into many deep learning architectures to improve
their ability to capture temporal dependencies. Therefore, temporal
self attention mechanism-based transfer learning is used to re-train the
Bi-LSTM network. The temporal self attention mechanism directs the
network’s attention to the key parts of the input sequence that are most
pertinent at each time step, while dynamically altering the importance
of various input pieces in accordance with their relevance to the current
output. Each time step in the input sequence receives a weight from
the temporal self attention mechanism based on how important it is to
the present output. Let H and X = ({CG,},{CG,,}) be the current
hidden state and the complete input sequence to the Bi-LSTM network.
The softmax function is applied over H and X to compute a set of
weights, say {Aw}, defined as:

{Aw} = softmax ({X}" - {H}) (12)
where T represents the transpose of a matrix. At each time step, a
context vector, say {Cw} is created based on the weighted sum of the

input sequence elements and the set of weights, {Aw}. The {Cw} is
defined as:

{Cw}={H} {Aw} (13)
The most important elements of the input sequence at each time step
are captured by the attention vector, which is subsequently used to

determine the output. The pre-activation vector, say {Pv} is defined
as:

{Pv} = {Cw}+{H} a4
Using the pre-activation vector, attention vector ({Av}) is defined as:

{Av} = softmax({ Pv}) (15)
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Fig. 4. Change in aspect ratio over frames.

The output of Bi-LSTM is computed based on {Av}, defined as:
output = tanh({ Av}) (16)

The temporal self attention mechanism is used in this study to
manage the lengthy input sequence by concentrating only on its (se-
quence’s) most important elements, thereby increasing the speed as
well as accuracy. Using the temporal self attention mechanism-based
transfer learning, the influence of different input sequence segments
over the network’s predictions is interpreted in better way. Experimen-
tal results are discussed in the following section.

4. Result & discussion

Our study has three broad sub-objectives: (i) to demonstrate the
effectiveness of granulation over Bi-LSTM for real-time fall detection,
(ii) to demonstrate the utility of transfer learning for lengthy input
sequence, (iii) to demonstrate the superiority of TLG-LSTM over some
state-of-the-art models. The details of used datasets, experimental set
up, and experimental results are discussed in Sections Section 4.1, 4.2,
and 4.3, respectively.

4.1. Data description

Exiting fall datasets contain either simulated data or real-life fall
scenarios. Here, experts design fall scenarios for generating the sim-
ulated data. Whereas, in case of real-life scenario, the nature of fall
may vary in two consecutive frames. Therefore, simulated falls may
be different than real-life falls. Thus, the knowledge of simulated
falls may not be used for training and(or) validating a model. The
effectiveness of the developed TLG-LSTM is assessed over two real-
life video datasets, namely URFD [49] and YouTube8M (YT8M) [10].
Each training and(or) test video contains diverse visual entities. From
URFD, twelve labeled videos concerning indoor scenarios (containing
‘Fall’ and ‘No Fall’ events) are used for training and testing of the
developed model. Whereas, YouTube8M contains various large-scaled
unlabeled traffic videos. From YouTube8M, a total of fourteen real-life
traffic videos containing both ‘Fall’ and ‘No Fall’ events are considered.
Annotation is not done with YouTube8M videos, therefore, YouTube8M
data is used for testing process only to hold the universality of the TLG-
LSTM. The test videos that are acquired from YouTube8M contain 350
to 1245 frames with a variety of real-life traffic scenarios, including oc-
clusion, multi-falls, and no fall. A detailed description of experimental
setup is presented in the next section.

4.2. Experimental setup

Algorithms are coded in Python 3.6 (Anaconda), with a multi-core
AMD Ryzen 7 CPU and an NVIDIA RTX 3060 GPU. Three libraries,
namely cv2, TensorFlow, and Numpy are used. As defined in Sec-
tion 3, the developed TLG-LSTM contains four parts, namely object
detection and tracking, feature computation, granulation, and temporal
self attention mechanism-based Bi-LSTM for classification tasks. The
detector, namely YOLOv8+Faster RCNN and tracker, namely Deep
SORT are used for object (person) detection and tracking, respectively.
The YOLOVS is trained on MSCOCO data [51]. Standard parameters
of YOLOv8 [52] and DeepSORT [53] are used in this study. It is
also found in Section 3.2, both MoveNet-Lightening and object-level
features are extracted from the detected person. These features are
analyzed for obtaining the approximate regions of falls in terms of
granules (refer to Section 3.3). The parametric study for obtaining
optimum granules is presented in Section 4.2.1. As already discussed in
Section 3.4, these optimum granules are fed to the granulated Bi-LSTM
for obtaining the exact fall location. As already mentioned, transfer
learning is done using the temporal self attention mechanism. The
parametric study for obtaining the optimum parameters of transfer
learning-based granulated Bi-LSTM is presented in Section 4.2.2.

4.2.1. Parametric study for obtaining optimum granules

As already mentioned, two types of granules, namely object gran-
ule ({OG}) and pose granule ({PG}) are defined using object-level
features and MoveNet-Lightening features, respectively. Here, {OG f}
is developed using the information of change in aspect ratio, speed
variation, and change in area based on three thresholds, namely Th!,
T hi, and Thj,, respectively. Similarly, {OG, f} is developed based on
three thresholds, namely Thrll. o Th? £ and Thi A total of ten videos
containing both indoor and outdoor scenarios are used for obtaining
the optimum values of aforesaid thresholds. The mean distributions of
change in aspect ratio for ‘Fall’ and ‘No Fall’ events corresponding to
a video of outdoor scenario are shown in Fig. 4. From this figure, it
is seen that u4R = 0.09, a;‘fR = 0.083, GER = 0.407. For, considering
ten annotated videos, average of ten uAR and ¢4R are 0.1 and 0.21,
respectively. Therefore, for change in aspect ratio, two thresholds,
Th} = 031 and Th! = 0.115 are selected. The mean distributions
of speed variation for ‘Fall’ and ‘No Fall’ events corresponding to the
same video are shown in Fig. 5. From this figure, it is seen that for
‘No Fall’ event, ﬂ"Vf = 3.265 and 0% = 14.17. It is also found that,
for ‘Fall’ event, y‘f’ = 4682 and oj = 133.1. For the entire video
having both ‘Fall’ and ‘No Fall’ scenarios, 4" = 25.82 and ¢ = 73.63.
Considering ten annotated videos, average of ten " and ¢" are 27.4
and 74.16, respectively. Therefore, for speed variation, two thresholds,
T h? = 6448 and T hi ;= 64.48 are selected. The mean distributions
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Fig. 7. Ratio of head-hip to hip-ankle distances towards Y-axis corresponding to ‘No Fall’ events.

of change in area for ‘Fall’ and ‘No Fall’ events corresponding to the
same video are shown in Fig. 6. From this figure, it is seen that for
‘No Fall’ event, u#. = 52.4 and ar’ff = 1360.88. It is also found that,
for ‘Fall’ event, y4 = 1152.8 and a}‘ = 9438.35. For the entire video
having both ‘Fall’ and ‘No Fall’ scenarios, u4 = 602.6 and ¢4 = 5399.61.
Considering ten annotated videos, average of ten y* and o are 600.92
and 5412.8, respectively. Therefore, for change in area, two thresholds,
Thi =3610.3 and Thif =3610.3 are selected.

For pose granules, head-hip ankle ratio is analyzed for the same
video along both Y-axis and X-axis. The mean distribution of head-hip-
ankle ratio along Y axis for ‘No Fall’ event is shown in Fig. 7. From this
figure, it is seen that y:‘h"’y =0.52, a:'h"’y = 0.06. The mean distribution
of head-hip-ankle ratio along Y axis for ‘Fall’ event is shown in Fig. 8.
From this figure, it is seen that "™ = 0.74, ¢""¥ = 0.1. The mean
distribution of head-hip-ankle ratio along X axis for ‘No Fall’ event

is shown in Fig. 9. From this figure, it is seen that y;’j’,‘“”‘ = 051,
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Fig. 9. Ratio of head-hip to hip-ankle distances towards X-axis corresponding to ‘No Fall’ events.

o:’h“”‘ = 0.04. The mean distribution of head-hip-ankle ratio along X

axis for ‘Fall’ event is shown in Fig. 10. From this figure, it is seen that

,ujfh"’x = 0.67, 6""** = 0.09. For the entire video having both ‘Fall’ and
_d(HH)
‘No Fall’ scenarios, u o(~is ) = 0.61 and ¢""* = 0.065. Considering

ten annotated videos, average of ten y*¢ and ¢"" are 0.604 and
0.061, respectively. Therefore, for head-hip-ankle ratio, two thresholds,
Th4f = 0.665 and Thi = 0.543 are selected. In this way, parametric
study is done for obtaining object granules and pose granules. The
parametric study for temporal self attention mechanism-based Bi-LSTM
is presented in the next section.

4.2.2. Parametric study for granulated Bi-LSTM

Various parameters, namely optimizer, loss function, number of
epochs, optimal frame-batch, and learning rate are used in the temporal
self attention mechanism-based granulated Bi-LSTM. The optimizer and
loss function used in this study are ‘Adam’ and ‘Cross Entropy Loss’,
respectively. For defining the optimal number of epochs, the training
losses are computed for the granulated Bi-LSTM. A graph of training
losses is shown in Fig. 11. From this figure, it is seen that the minimum
loss is obtained at 70 epochs. Therefore, 70 epochs are considered
as the optimum in the developed TLG-LSTM. The main objective of
finding the optimal frame-batch is to capture the complete fall action
accurately. Frame-batch contains a number of frames. To obtain the

optimal number of frames, aspect ratio of falling person is analyzed.
For this experiment, two cameras are placed at both perpendicular and
horizontal planes to capture the same scenario at different angles. For
a Fall scenario, the progression of aspect ratios (of falling person) over
frames captured by a camera that is placed at perpendicular plane, is
presented in Fig. 12(a). Whereas, Fig. 12(b) presents the progression
of aspect ratios over frames captured by a camera that is placed at
horizontal plane. During Fall, aspect ratio of falling person gradually
decreases. From both these figures, it is evident that, aspect ratio is
minimum at 30th frame of a frame-batch. After 30th frame, aspect ratio
slightly increases. It means either fallen person picked up or stands up.
Training accuracy is also considered for obtaining the optimal frame-
batch. Graphs between training accuracy and frame-batches of having
different frames are presented in Fig. 13. Figs. 13(a), 13(b), 13(c), and
13(d) represents the graphs of training accuracy with 70 epochs for
frame-batches having 15, 25, 30, and 35 frames, respectively. From
these figures, it is evident that, maximum training accuracy is obtained
for the frame-batch having 30 frames. Therefore, optimal frame-batch
contains 30 frames that are required to capture the entire fall scenario.

Thirty frames that are used for fall detection tasks, are fed to the
detectors (YOLOv8+Faster RCNN) for object detection. After detec-
tion, each detected object is fitted with a bounding box and used
for tracking using Deep SORT algorithm. During the detection task,
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Fig. 11. Training accuracy with Epochs for granulated Bi-LSTM.

suppose any person is detected initially, but suddenly he/she is dis-
appeared in an intermediate frame, then the bounding box information
corresponding to the previous frame is considered until this person is
detected again. For each detected object, eight object-level and pose
features, namely change in aspect ratio, speed variation, change in
area, centroid-location, head-location, hip-location, ankle-location, and
head-hip-ankle ratio along X-axis and Y-axis are used for re-training
of Bi-LSTM using temporal self attention mechanism-based transfer
learning. Therefore, for each object detected at least once in the frame-
batch, a 30 x 8 matrix (input size) is formed. This input is fed to the
Bi-LSTM for the classification task.
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(a) Camera at perpendicular position

For a current frame-batch, the information of previous frame-batch
is preserved to reduce the information loss corresponding to an in-
put. This is achieved by implementing a sliding window technique,
where the first frame-batch contains 30 frames and the next frame-
batch contains a new frame added with the 29 frames of the previous
frame-batch. This minimize the information loss and reduce the com-
putational time. Another hyper-parameter, namely learning rate is used
to check how quickly a model can train. The graphs of training losses
over 70 epochs corresponding to various learning rates, including 1e=2,
1e=%3, 1¢794, and 1¢=% are presented in Figs. 14(a), 14(b), 14(c), 14(d),
respectively. From Figs. 14(a), 14(b), it is evident that the training
loss is not gradually decreased. Whereas, from Figs. 14(c), 14(d), it is
evident that the training loss is gradually decreased. It means, both
learning rates, le=** and 1e=% can be used for training process. To
obtain the optimal learning rate, the graphs of training and valida-
tion accuracy over 70 epochs for 1e~%, and 1e~%° are presented in
Figs. 15(a) and 15(b), respectively. From these figures, it is evident that,
for the learning rate, le~%*, validation accuracy is coincided with the
training accuracy. Whereas, for the learning rate, le~%, validation ac-
curacy does not coincide with the training accuracy. Therefore, learning
rate of 1e~% is used to obtain better model’s performance. Experimental
results are presented in the next section.

4.3. Experimental results

The effectiveness of the developed TLG-LSTM is evaluated for real-
time fall detection using an extensive experiments, in line with three
objectives. Objective (i) aims to demonstrate the efficacy of gran-
ulation in detecting the approximate fall location, as explained in
Section 4.3.1. Objective (ii) aims to demonstrate the utility of transfer
learning, as explained in Section 4.3.2. Finally, objective (iii) demon-
strates the superiority of TLG-LSTM over some state-of-the-art methods,
as demonstrated in Section 4.3.3.
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Fig. 12. Aspect-ratio progression over Fall frames.
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Table 2

Comparison between traditional Bi-LSTM and granulated Bi-LSTM.

Network Dataset Accuracy (%) Precision (%) Recall (%) F1 score (%)
Bi-LSTM TouTube8M 83.1 78.2 81.7 79.8
Granulated Bi-LSTM YouTube8M 96.8 91.6 95.3 93.4

4.3.1. Effectiveness of granulation in detecting approximate fall location
As already defined, granulation is done to narrow the working space
thereby reducing the computational complexity. Moreover, granules
represent the approximate fall locations. The probability of detecting
falls in those granules is greater than the probability of detecting
falls in the entire frame. This increases the detection accuracy. The
training accuracy of traditional Bi-LSTM (entire frame is used as input
to the Bi-LSTM) and granulated Bi-LSTM (granules are used as input
to the Bi-LSTM) networks over 70 epochs are presented in Fig. 16.
From this figure, it is evident that training accuracy is increased for
granulated Bi-LSTM. The average speed of granulated Bi-LSTM for fall
detection is 16 fps which is satisfactory speed considering the number
of transfer learning blocks used in the Bi-LSTM. Four performance
metrics, namely precision, recall, accuracy, and F1 score are used to
evaluate the effectiveness of granulated Bi-LSTM over the traditional
Bi-LSTM. The results are shown in Table 2. From this table it is evident
that the granulated Bi-LSTM is superior to the traditional Bi-LSTM in
terms of precision, recall, accuracy, and F1 score. All these prove the

12

effectiveness of granulation in extracting the approximate fall locations.
The effectiveness of using transfer learning for re-training of granulated
Bi-LSTM is presented in the next section.

4.3.2. Effectiveness of transfer learning

The transfer learning is useful in leveraging the knowledge of pre-
trained model that is learned on large datasets to improve the fall
detection performance for small datasets. The pre-trained model is
learned on large datasets having different types of labeled objects
and actions. By using transfer learning, the pre-trained model is fine
tuned to learn some specific features that are relevant to fall sce-
nario. In this way, the amount of data and training time can be
reduced. As already defined, temporal self attention mechanism-based
transfer learning is used in Bi-LSTM for improving the speed as well
as accuracy. The importance of temporal self attention mechanism
in terms of training loss is presented in Fig. 17. Here, Fig. 17(a)
shows the training loss over epochs for Bi-LSTM network without
temporal self attention mechanism. From this figure, it is evident
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Fig. 17. Effect of temporal self attention mechanism on Training Loss.

that, the training loss attains minimum value at 110 epochs. Whereas,
Fig. 17(b) shows the training loss over epochs for Bi-LSTM network
with temporal self attention mechanism. From this figure, it is evident
that, the same training loss is occurred at 70 epochs. This means
learning rate is faster, thereby resulting in higher speed for temporal
self attention mechanism-based Bi-LSTM as compared to the without
transfer learning-based Bi-LSTM network. This shows the effectiveness
of temporal self attention mechanism-based transfer learning for re-
training of granulated Bi-LSTM. The effectiveness of TLG-LSTM over
some state-of-the-art models is discussed in the next section.

4.3.3. Comparative study

To assess the performance of TLG-LSTM for fall detection, three
types of comparative studies based on: (i) fall classification, (ii) compu-
tational complexity, and (iii) robustness checking are done, as discussed
in the following sections.

(i) Fall classification

A comparison is done between the developed TLG-LSTM and some
state-of-the-art fall detection models to validate the superiority of
TLG-LSTM. The experiments are done over some videos acquired
from YoUTube8M and URFD data. Three performance metrics, namely
recall, precision, and accuracy are used for this comparative study.
Various well-known fall detection models, including Posture-based
(PS) [54], Human skeleton-based (HS) [55], Body silhouette-based
(BS) [56], Gravity-based (GV) [57], Posture and color matching-based
(PCM) [58], Dynamic image-based (DI) [59], Trajectory-based (TJ)
[60], Transfer learning-based (TL) [61], Deep CNN-based (DCNN) [62],
Spatio-temporal graph CNN-based (STGCNN) [63], HActivityNet [46],
I3D [47], and MS-TCN [48] are used for comparative study. All these
models are applied over either YouTube8M or URFD dataset.

In PS and HS models, threshold-based learning strategy is used over
two features, namely human posture and human skeleton, respectively.
In BS-based fall detection, SVM-classification is done followed by sil-
houette ratio computation. Whereas, in GV model, focused time delay
neural network is trained using two features, namely center of gravity
and head position. In PCM model, Color matching ellipse is trained
using head and ankle information. In DI model, change in posture
over dynamic images is used for rule-based fall detection. In TJ model,
trajectory weighted convolution features are used for fall detection. In
TL model, transfer learning is used. In DCNN, deep CNN is trained over
human skeleton. Whereas, in STGCNN, a graph CNN is trained using
spatio-temporal features. In HActivityNet, a HAR-Net is developed for
human activity recognition. Whereas, I3D is re-trained using Kinetics-
Fall dataset. The temporal information of multi-scale actions is used
for re-training of MS-TCN. In our developed model, TLG-LSTM, transfer
learning-based granulated Bi-LSTM is used for modeling human falls.
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The results of aforesaid models over URFD and YouTube8M data
are exhibited in Table 3. From this table, it is evident that the de-
veloped TLG-LSTM surpasses some of the aforesaid state-of-the-art
models for YouTube8M videos. It is also evident from this table that
the developed TLG-LSTM is comparable with aforesaid state-of-the-art
models for URFD videos. The dataset, YouTube8M contains real-life
complex traffic scenarios, whereas, URFD contains occlusion-free home
scenarios. Therefore, some state-of-the-art models perform good for
URFD dataset but not for YouTube8M dataset. The results of various
models over URFD data are presented in Rows 1 to 14 in Table 3. For
most of the state-of-the-art models (refer to Rows 1, 2, 4, 5, 6, and 9
in Table 3), posture features corresponding to the previous frames are
not considered. These models cannot capture the fall scenario where
unusual posture (related to either picking up a coin or exercising)
is found. Whereas, in some state-of-the-art models (refer to Rows 3,
7, 8, and 10 in Table 3), trajectory information is analyzed for fall
detection. These models can capture fall location more accurately.
Transfer learning-based models (refer to Rows 8, 9, 10, 11, 12, and
13 in Table 3) are good in fall detection. In our developed TLG-
LSTM (refer to Row 14 in Table 3), both pose and trajectory-based
features are used for obtaining granules that are used as input to
the transfer learning-based Bi-LSTM (deep network) for fall detection.
The developed TLG-LSTM provides comparable accuracy with better
robustness. The results of ‘TJ’, ‘TL’, ‘DCNN’, ‘STGCNN’, and TLG-LSTM
(our development)’ over YouTube8M dataset are presented in Rows
15 to 19 in Table 3. From an extensive study, it is found that the
developed TLG-LSTM can successfully classify 316 videos out of 345
test videos. All these results prove the supremacy of TLG-LSTM over
some state-of-the-art models.

Some images of the real-time pedestrian falls near the pedestrian
crossing are shown in Figs. 18 and 19. All these results are generated
over two YouTube8M videos using the developed TLG-LSTM model.
From Figs. 18 and 19, it is evident that two pedestrian falls are occurred
near the same pedestrian crossing but at different time. The developed
TLG-LSTM model successfully detect fall events on-time for taking
corrective actions to mitigate the impact of fall, thereby enhancing the
pedestrian safety.

(ii) Computational complexity

The developed TLG-LSTM consists of four stages: (a) object detec-
tion and tracking, (b) feature computation, (c) granulation, and (d)
temporal self attention mechanism-based Bi-LSTM for classification.
The computational complexity (CoC) of each stage is explained below.

(a) CoC for object detection and tracking: Object detection and
tracking are done using YOLOv8+ Faster RCNN and data association,
respectively. YOLOv8 and Faster RCNN consist of ResMet50 and VGG16
networks, respectively. Let N x N be the size of the input fed to the
YOLOVS8 and Faster RCNN for object detection. The CoC of YOLOVS is
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Models Learning strategy Datasets Recall (%) Precision (%) Accuracy (%)
PS [54] Threshold-based URFD 85.2 81.4 86.1
HS [55] Threshold-based URFD 89.2 85.9 90.09
BS [56] Directed Acyclic SVM URFD 97.2 99.2 97.08
GV [57] Focused Time Delay NN URFD 95.9 94.1 98.3
PCM [58] Threshold-based URFD 92.4 90.1 96.8
DI [59] Temporal modeling URFD 81.7 83.65 83.86
TJ [60] Temporal modeling URFD 94.7 95.70 96.04
TL [61] Transfer Learning URFD 93.2 94.5 97.5
DCNN [62] Deep network URFD 89.1 90.08 90.7
STGCNN [63] Spatio-Temporal Graph CNN URFD 98.7 96.5 98.6
HActivityNet [46] Transfer learning URFD 91.3 90.8 91.0
13D [47] 2D ConvNet inflation URFD 89.7 87.5 88.2
MS-TCN [48] Transfer learning URFD 93.2 92.4 929
TLG-LSTM (Ours) Transfer Learning URFD 98.3 96.5 98.6
TJ [60] Temporal modeling YouTube8M 81.2 80.6 83.2
TL [61] Transfer Learning YouTube8M 80.7 81.5 81.5
DCNN [62] Deep network YouTube8M 78.2 79.08 78.6
STGCNN [63] Spatio-Temporal Graph CNN YouTube8M 83.5 82.7 87.1
TLG-LSTM (Ours) Transfer Learning YouTube8M 95.3 86.50 91.6

(a) Frame no 418

(b) Frame no 428

(c) Frame no 438

Fig. 18. Results of pedestrian falls near the pedestrian crossing for one YouTube8M video.

(a) Frame no 1252

(b) Frame no 1262

(c) Frame no 1272

Fig. 19. Results of pedestrian falls near the pedestrian crossing for another YouTube8M video.

O(N M), where M defines the number of frames present in a video. The
CoC of Faster RCNN is O(N2M). The CoC for object detection (O(det))
is defined as:

O(det) = O(NM) + O(N*M) 17)
The CoC for tracking (O(trk)) task is defined as:
O@rk) =0 (W) (18)

where n defines the number of detected persons present in a frame. For
object detection and tracking, the CoC is defined as:
nxn-—1) )

> 19

O(dettrk) = OINM) + O(N*M) + O <

(b) CoC for feature computation: For each detected and tracked ob-
ject, both MoveNet-Lightening and object-level features are computed.
For MoveNet-Lightening feature computation, the required CoC is O(n).
Three object-level features, namely aspect ratio, velocity, and area are
considered. The required CoC for object-level feature computation is
O(3n). Total CoC for feature computation is O(4n).

(c) CoC for granulation: As defined earlier, two granules, namely
object granule and pose granule are defined using the extracted fea-
tures. The required CoC for object granule formation corresponding to a
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frame is O(11n). Whereas, the required CoC for pose granule formation
corresponding to a frame is O(4n). Commonality between these two
granules is used for obtaining the approximate fall location(s) more
appropriately. The required CoC for obtaining this common granule is
O(2n). Total CoC for granulation is O(11n) + O(4n) + O(2n) = O(17n).

(d) CoC for transfer learning-based Bi-LSTM: As said earlier, X repre-
sents the length of the input sequence. Due to the use of transfer learn-
ing 25% time is saved, therefore the CoC for transfer learning-based
Bi-LSTM is 0 ().

The total CoC for TLG-LSTM is defined as:

O(TLG — LSTM) = O(N*M) + O(NM) + O <M>
2 (20)

+ 0(21n)+0(3TX)

The CoC of a model is measured in terms of runtime/speed. The
runtime of some other state-of-the-art models, including TJ, TL, DCNN,
and STGCNN, and our developed TLG-LSTM are 18fps, 16fps, 11fps,
10fps, and 13fps, respectively. It is evident that the developed TLG-
LSTM is superior to DCNN and STGCNN and comparable with TJ and
TL. In the developed TLG-LSTM, granulation is done over the MoveNet-
Lightening and object-level features for obtaining the fall location.
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Fig. 20. Robustness checking result over YouTub8M dataset.

Accurate detection of person also affects the fall detection accuracy.
Moreover, the granules (belonging to the approximate falls) are passed
to the Bi-LSTM network for fall classification. Due to the aforesaid tasks,
the developed TLG-LSTM takes larger time as compared to TJ and TL. It
is also seen from the Table 3 that TLG-LSTM is superior to the aforesaid
stat-of-the-art fall detection models in terms of precision, recall, and
accuracy. In order to make a trade off between fall detection accuracy
and speed, TLG-LSTM is the prime choice.

(iii) Robustness checking

A total of eighteen videos acquired from YouTube8M dataset are
utilized to investigate the robustness of the TLG-LSTM for detecting
human falls. Consequently, a total of eighteen accuracy are obtained
which are used to generate the box-plot for robustness checking. The
robustness of TLG-LSTM in terms of box plot analysis for fall detection
is shown in Fig. 20. It is evident from this figure that the developed
TLG-LSTM for multi-fall detection shows the higher accuracy with
lowest range of dispersion as compared to some state-of-the-art models.
Hence, the robustness of TLG-LSTM is proved.

5. Conclusion

Due to various road-related issues, such as potholes, pedestrian
negligence, collisions, presence of abandoned objects on road, and near-
misses, ‘Falls’ on road are increasing day-by-day. Real-time detection of
human falls and prompt precautionary actions are necessary to mitigate
the impact of falls. Most of the existing studies focus on simulated data
that are designed for either outdoor (i.e., construction area) or indoor
(i.e., home) falls. Furthermore, there is a limited research on deep
learning-based models to handle the uncertainty issue that presents
among various ‘Fall’ and ‘No Fall’ events corresponding to complex
scenarios. These issues are handled by developing a new model, named
transfer learning-based granulated Bi-LSTM (TLG-LSTM) for detecting
both outdoor (i.e., road) and indoor (i.e., home) falls. To demonstrate
the efficacy of the developed TLG-LSTM, comparisons with some state-
of-the-art models are conducted using two datasets: YouTube8M [10]
and URFD [49]. Four performance metrics, namely precision, recall,
accuracy, and runtime, are used for the comparison. From the com-
parative study, it is found that the developed TLG-LSTM is applicable
for multi-fall detection in complex scenarios, enabling its usage in a
wide variety of instances. The developed TLG-LSTM also proves its
superiority in terms of both speed and accuracy. The robustness of TLG-
LSTM is also demonstrated in this study. Our study aims to contribute
to both theoretical and practical aspects.

15

5.1. Theoretical contributions

For real-time fall detection, a new model, namely TLG-LSTM is
developed by incorporating the concept of granulation and transfer
learning with the Bi-LSTM. The developed TLG-LSTM has four parts: (i)
object detection and tracking, (ii) feature generation for the detected
objects, (iii) granule formation using the extracted features, and (iv) Bi-
LSTM-based classification for the defined granules as ‘Fall’ or ‘No Fall’.
Various MoveNet-Lightening (e.g., head-hip distance and hip-ankle
distance) and object-level features (e.g., change in aspect ratio, speed
variation, and change in area) are computed for all the detected objects
(person). Unlike state-of-the-art models, TLG-LSTM uses aforesaid two
type of features for better modeling of both indoor and outdoor falls
by generating two granules, namely pose granule and object granule.
The commonality between these two granules represents the probable
fall regions which are fed to the Bi-LSTM network for detecting the
actual fall location. The resultant network is called granulated Bi-
LSTM. A temporal self-attention mechanism is introduced to re-train the
granulated Bi-LSTM. All these constitute the model, namely TLG-LSTM.
Instead of using the entire frame, only granules are used for detection
tasks, enabling higher accuracy and speed. Introducing the concept of
granulation with the Bi-LSTM for fall detection is unique.

5.2. Practical implications

From a practical standpoint, the real-time fall detection system
(FDS) can play a significant role in enhancing human safety in various
environments, such as road, home, and construction site. The FDS
is used for real-time monitoring through 24 x 7 live stream videos.
The developed TLG-LSTM model can be deployed in the FDS for real-
time fall detection. The FDS processes each frame of live stream video
through the TLG-LSTM. After fall detection, corresponding video clip
is generated through FDS. In future, this video clip can be analyzed
to find the probable cause(s) of human falls that may be attributed to
the abnormal behavior (e.g., loss of balance, and distracted walking)
or environmental factors (e.g., pothole(s), obstacle(s), and slippery
surface(s)). For behavior-related causes, the video clip can be reviewed
to provide feedback to the concerned individual. It is done to make
the person aware of his/her mistake and train the person to adopt
safer behavior. This preventive approach may be useful to reduce the
frequency of human falls caused by behavioral factors. If the cause is
related to environmental factors (hazard(s) in road/construction site),
the FDS can relay this information to the responsible authorities for
taking corrective actions (e.g., repairing the hazard and/or removing
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Table 4
Notations.
Notations Meaning Notations Meaning
1 Current frame/rth frame o} ith detected object at f,
Vhead! Location of head for of i Variable
' corresponding to y-axis
Vhig! Location of hip for o] Yankie, Location of ankle for of
corresponding to y-axis corresponding to y-axis
Xpigt Location of hip for o Xankle! Location of ankle for of
corresponding to x-axis corresponding to x-axis
X head! Location of head for of AR} Aspect ratio for o]
‘ corresponding to x-axis
d(HH]) Distance between the locations d(H A}) Distance between the locations
of head and hip for o] of hip and ankle for o]
v Speed of 0] Al Area of of
B! Bounding-box fitted over o] w} Width of B!
L) Location of centroid for B; hl Height of B!
VX, Velocity component of 0] vy Velocity component of o
corresponding to x-axis corresponding to y-axis
fiss (t=3)" frame (3,73 Location of centroid for o at f,_;
{oG,} Set of object granules {oG,,} Set of object granules
corresponding to ‘Fall’ scenario corresponding to ‘No Fall’ scenario
d(AR)) Change in aspect ratio for dy) Change in velocity for
o! from f, to f,_, o) from f, to f,_,
d(A) Change in area for Th'/ Threshold used for change in
o) from f, to f,_, aspect ratio for {OG,}
T h?, Threshold used for change in Th3r Threshold used for change in
velocity for {0G,} area for {OG,}
Th! ; Threshold used for change in Thi . Threshold used for change in
aspect ratio for {OG,,} velocity for {0G,,}
Th? ; Threshold used for change in HaR Mean of a set containing aspect ratios for
area for {OG,; } an object over all frames present in a video
O AR Standard deviation of a set containing P Total number of frames in a video
aspect ratios
for an object over all frames present in a
video
{PG,} Set of pose granules {PG,,} Set of pose granules
corresponding to ‘Fall’ scenario corresponding to ‘No Fall’ scenario
Th4f Threshold used for obtaining pose granules Th‘: . Threshold used for obtaining pose granules
corresponding to the ‘Fall’ scenario corresponding to the ‘No Fall’ scenario
{caG,} Set of common granules formed over {cG,,} Set of common granules formed over
{0G,} and {PG,} for ‘Fall’ scenarios {0G,;} and {PG,} for ‘No Fall’ scenarios
H Hidden state used in Bi-LSTM X Complete input sequence to Bi-LSTM
T Transpose of a matrix {Aw} Set of softmax weights
{Cw} Context vector {Pv} Pre-activation vector
{4,} Attention vector tanh Tanh function

obstacles) timely, thus preventing future falls in the same area. In addi-
tion to generating the video clip of falls, the FDS can be equipped with
a real-time alert mechanism. After the detection of a fall event, the FDS
can immediately generate an alarm signal to notify the concerned per-
sonnel about the emergency condition. This prompt notification ensures
that help can be dispatched quickly to the fall location, minimizing the
potential harm to the individual. By addressing both behavioral and
environmental causes of falls and providing a real-time alert system, the
developed TLG-LSTM-based FDS contributes to a comprehensive safety
solution that enhances human safety in various real-world scenarios.

5.3. Effectiveness of TLG-LSTM

The key advantages of the developed TLG-LSTM model for fall
detection are as follows: (i) It addresses the uncertainty issue that arises
among various ‘Fall’ and ‘No Fall’ events under complex scenarios.
(ii) The combination of MoveNet-Lightening features with object-level
features enables TLG-LSTM for better modeling of falls using a single
unified system. (iii) Incorporating the concept of granulation with the
Bi-LSTM network ensures accurate detection of fall locations. (iv) In-
corporating the concept of a temporal self attention mechanism within
Bi-LSTM enhances the training speed and accuracy. (v) The developed
TLG-LSTM model can be used to enhance human safety.
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5.4. Limitations and future scopes

The present study has a few limitations. The developed TLG-LSTM
model classifies the event ‘a person bends down to pick up an object’
as a ‘Fall’. Only two MoveNet-Lightening features and three object-level
features are considered. Including more features may enhance the de-
tection accuracy. The current study is restricted to the monocular vision
only. In the future, one can consider developing a fall detection model
applicable to the stereo vision. In case of complex traffic scenarios,
features related to a larger number of persons are analyzed for fall
detection, reducing the speed. Incorporating explainable Al can solve
the problem of mis-classification for fall events in complex scenarios
(e.g., busy roads).
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