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ABSTRACT
According to the World Health Organization, falling is a significant health problem that causes thousands of
deaths every year. Fall detection and fall prediction tasks enable accurate medical assistance to vulnerable
populations whenever required, allowing local authorities to predict daily health care resources and to reduce
fall damages accordingly. We present in this paper, a fall detection approach that explores human body
geometry available at different frames of the video sequence. Especially, pose estimation, the angle and the
distance between the vector formed by the head-centroid of the identified facial image and the center hip of
the body, and the vector aligned with the horizontal axis of the center hip, are employed to construct new
distinctive image features. A two-class Support Vector Machine (SVM) classifier and a Temporal Convolution
Network (TCN) are trained on the newly constructed feature images. At the same time, a Long-Short-Term
Memory (LSTM) network is trained on the calculated angle and distance sequences to classify fall and non-fall
activities. We perform experiments on the Le2i FD dataset and the UR FD dataset, where we also propose a
cross-dataset evaluation. The results demonstrate the effectiveness and efficiency of the developed approach.

1. Introduction
Performing regular daily life activities by the elderly population can
be affected by many serious health issues among which fall and its
resulting injuries are the most frequent. This is mostly experienced by
the elderly because of the natural phenomenon of brain cells death,
which impact the functioning of the nervous system and, thereby, the
cognitive capability of the individual [1]. This results in problems with
movement and safety issues. Moreover, falling is due to other inherent
factors such as age-related biological changes, neurological disorders,
physiological health profile and environmental conditions [1]. Authors
in [1] presented a detailed study of the different factors that may
lead to falls in elderly population. In general, falls can result from
sudden loss of balance, stability, dizziness, or vertigo during daily
life movements. It can also be caused by chronic diseases, cognitive
impairment, using a walking aid or multiple medications, gait and
visual deficit [2]. Falling is an abnormal human activity that occurs
infrequently and unpredictably. It is defined by [3] as an event resulting
in a person coming to rest inadvertently on the ground or the floor or
any other lower level. Falls can occur in many different ways such as
backward fall, due, for example, to a slippery floor, forward fall caused

by tripping, side-way fall due to miss-stepping and straight-down fall
due to fainting [4].
It is acknowledged that fall is one of the major public health
problems in the world that should be carefully addressed. It is ranked
second among the leading causes of accidental or unintentional injury
deaths [3], especially for elderly population. Tuner S [5] predict that
Fall will cause 45 billion Euros yearly in Europe and around 50 billion dollars in USA according to Florence et al. [6]. This testifies on
the huge impact of Fall on both individual and societal scale, which
raises the importance of prior detection or at least rapid intervention,
whenever needed, to reduce the risk of complication. In this respect,
Fall Detection (FD), Fall Classification (FC), and Fall Prediction (FP)
are recognized as important research directions in the study of fall
and are among the hottest topics in health-care national policy as
well. The availability of efficient methods to identify and, possibly,
predict fall occurrence can have a substantial public impact since it
may significantly minimize damages, enable useful medical assistance,
and provide daily health care to vulnerable populations [7]. Moreover,
missing to identify falls can expose individuals to serious health and
safety risks. This has a noticeable effect on individual autonomy, independence, and life quality. It is to note that experiencing fall or
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1. A new deep learning-based human pose estimation approach is
devised and implemented to automatically annotate the head
and the center hip of the body in the video sequences (Section 3.2).
2. The contribution of other potential feature sets are explored and
exploited for representing video sequences (Section 3.3).
3. A comparison between LSTM, TCN and SVM classification results has been carried out along with a cross-dataset evaluation
(Section 4).
4. More data was used, and therefore, additional results are obtained and discussed in (Section 4).
5. An ablation study was put forward to analyze the importance
of each component of the system separately. For that, we focused on feature ablation and hyper-parameters optimization in
Section 4.5.

near-fall events (such as missteps or stumbles) may lead to Basophobia, also called fear of falling [7,8]. This syndrome can cause many
other disorders such as lack of mobility and independence, and/or
social isolation [9]. Several FD systems have been put forward by
both research community and commercial entities [10] using various
technologies and at various level of maturity. Such technologies can be
classified into three streams according to the employed sensors: ambience device, wearable device and camera-based [2]. Intelligent video
surveillance (camera-based approach), through a continuous monitoring by an operator, is a simple way to detect fall and trigger appropriate
actions. Nevertheless, privacy concerns and often reluctant users to
wear wearable devices, raises the importance of automatic detection
technology. In this regard, the development of automatic detection
of fall using video sequences is challenging due to constant changing
of room lighting conditions and the variety of daily activities that
may resemble to a fall, which causes inherent difficulties to image
processing tasks. Therefore, the accuracy of existing video based FD
systems is often moderate to low, which call for further research in
this issue. This partly motivates the current paper. Especially, new
features are put forward by observing that the vector formed by the
head and the center hip of the body is aligned horizontally and in
parallel to the ground during a falling posture, while it is perpendicular
to the ground axis in a sitting or standing posture. A novel machine
learning-like approach for FD from video sequences is devised. Our
approach relies on calculating the angle and the distance between
the vector formed by the head and the body’s center hip and the
horizontal axis passing through the body’s center hip. For each video
sequence, we calculate the aforementioned angle and distance for all
frames. The computed angles and distances form the new feature sets
that characterize the video sequences. We train an LSTM and a TCN
networks on these features to recognize fall and non-fall activities.
Furthermore, we construct new images using these angle and distance
sequences so that each video sequence is represented by one image of
its corresponding angles and distances. Then, a two-class SVM is trained
on these images to detect fall and non-fall activities. We use the Le2i
dataset [11] and the UR FD dataset [12] to evaluate the performance
of our method by implementing a cross-dataset evaluation. For this
purpose, we compare the results of using UR-FD for training and Le2i
dataset for testing, to its reciprocal (i.e., Le2i for training and URFD for testing). Different performance metrics have been employed to
quantify the quality of the designed classifiers in detecting falls. The
experimental results indicate the feasibility of the developed approach
while achieving state-of-art performance in terms of FD accuracy. ‘‘
Fig. 1’’ outlines the pipeline of our proposed FD approach. The current
paper extends our previous work [13] on FD using body geometry and
deepens the following contributions:

The rest of this paper is organized as follows. First, we briefly
summarize the background and previous research on vision-based Fall
Detection (FD) in Section 2. Section 3 outlines our approach. Then,
we describe and discuss in Section 4, the experimental results of our
proposal on the publicly available datasets. Finally, we conclude our
paper while providing a set of future directions for FD in Section 5.
2. Related work
Fall detection techniques can be categorized into three major
classes: ambient-based, wearable-based and vision-based systems [2,
14]. Ambient-based systems use light, proximity, motion, and vibration
sensors to collect daily life activities data and detect falls. Wearablebased systems rely on sensors embedded in particular devices that the
subject should wear to track his/her motion [8]. The role of wearable
sensors in detecting and classifying the causes of falls was investigated
by [15]. In the context of wearable sensor-based FD, Sabatini et al. [9]
reported that wearable sensor systems for FD could be categorized into
two main implementation models. The first one views the FD model
as part of a personal emergency response system which allows the
system to alert caregivers about the fall event, to provide immediate
medical assistance, and hence decrease the long-lie consequences.
While the second one considers the system as part of a fall injury
prevention system which allows the policy-maker to provide some
fast protection mechanisms that reduce the impact of the fall event.
Finally, vision-based systems use RGB or depth cameras to record the
subject’s activities in indoor or outdoor environments [8]. The recorded
images or videos are analyzed later to detect falls. We believe that
the categorization of Sabatini et al. [9] can also be applied to visionbased FD systems. Thereby, we briefly report some of the existing
vision-based FD methods and other related approaches.
Roughly speaking, a critical step in vision-based FD approaches
consists in identifying meaningful fall-related features extracted from
the video frames such as silhouettes, body shape, and skeleton information. These features are then used as input to some machine
learning classifiers such as SVM, KNN, Hidden Markov Models (HMM),
among others, to train and, later, to automatically distinguish fall from
non-fall events [14]. For instance, Ma et al. [16] extract distinctive
features of human silhouettes to construct new action representations.
The authors model the actions using a bag-of-words and conduct a
classification using an extreme learning machine (ELM). Furthermore,
SVM-based approaches have proven their efficiency for FD tasks in
many alternative works (see, for instance, [17–19]). Feng et al. [17]
use a normalized motion energy image to model the silhouette shape
deformation features, while Iscen et al. [18] propose a novel descriptor
Trajectory Snippet Histograms to model the rapid motions change. They
used Bag-of-Words to describe each video clip and train an SVM for
unusual video classification. Besides, shape and motion features are
tracked to detect falls using a single camera-based system in [20]. Bhandari et al. [21] suggest a vision-based FD system for elderly living

1. A new method for downsampling the videos using optical flow
to keep only frames with significant motion is put forward. This
allows us to reduce the number of frames of the video to be
executed in subsequent reasoning (Section 3.1).
2. A new research dataset related to our manual annotation task
containing the 2D coordinates of both center hip of the body
and the head centroid (of facial representation) available from
each frame of the video data is made available to the research
community (Section 3.2).
3. A sound mathematical approach for calculating the angle and
the distance between the head centroid and the center hip of
the body is demonstrated (Section 3.2.3).
4. The ability to track the variation of the above angular estimation
across all frames of the re-sampled video is demonstrated.
5. A new SVM-binary classification that distinguishes fall from nonfall scenarios using the sequence of angles and distances from
each video has been put forward (Section 3.4).
More specifically, the key contributions of this paper compared to
previous work can be summarized into:
2
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alone. Their proposal relies on the optical flow estimation to determine
the speed of motion and to deduce the fall activity accordingly, while
comparing the last positions of the target. Similarly, [22] presented an
automated analysis algorithm for remote detection of high impact falls.
The algorithm uses vertical velocity and acceleration features from
optical flow outputs. The distance from the camera is corrected using
an object size estimation technique.
On the other hand, many vision-based research is devoted to FD
using Kinect sensors. This is because depth cameras can overcome some
privacy issues related to traditional camera systems. For instance, Mastorakis and Makris [23] propose a real-time FD system based on 3D
Kinect depth maps. These depth maps are then used to extract 3D silhouettes features. In addition authors of [24] introduced the Adaptive
Directional Bounding Box that makes use of a comprehensive bounding
box and a dynamic state machine to predict falls using skeleton 3D
joints captured using kinect sensor. Other researchers demonstrate that
using the Kinect sensor alone does not provide sufficient coverage and
cannot yield robust and efficient FD capabilities.
Moreover, another set of FD approaches assumes the FD task as
an anomaly detection process. In this case, the researchers seek to
identify relevant features that distinguish this anomaly from other
normal activities. In general, anomaly detection is perceived as a
binary classification and traditional machine learning algorithms or
deep learning based architectures can be used for a such detection. For
instance, Chang et al. [25] designed a convolution auto-encoder architecture to learn regularity in both spatial and temporal feature spaces.
The authors force the auto-encoder to generate compact motion and
appearance descriptors by implementing a deep k-means cluster that is
trained on normal events only. Then, the abnormality is assigned when
the distance between the cluster and the abnormal representations is
much higher than that between the normal patterns. Similarly, Dos Santos et al. [26] investigated the generalization of feature spaces extracted
via a pre-trained CNN model in detecting anomalous activity in videos.
Therefore, these systems could be adopted to FD and may lead to higher
performance.
Other research has been conducted in the context of human body
pose estimation for upright humans such as [27–29]. For instance, Haque
et al. [28] proposed a viewpoint invariant model for 3D human pose estimation from a single depth image. The authors combined a CNN-RNN
with a top-down error feedback mechanism to self-correct previous
pose estimates in an end-to-end manner. Again, Chen et al. [29]
proposed to use unannotated data to obtain accurate 3D hand pose
estimation in a semi-supervised manner. However, estimating fall postures is still challenging due to deformations in the body structure,
effects of the joints orientations, perspective and the scale changes.
For example, Wang et al. [30] proposed a lying posture recognition
approach in still images which extends the pipeline proposed by Ferrari
et al. [31]. It initializes the limb locations and sizes by taking into
account the detected parts’ locations using a viewpoint-specific object
detector. Furthermore, Adhikari et al. [32] presented a vision-based
tracking strategy that groups several individual joints into three different primary parts that may represent the upper region, mid-region,
and lower region of the body. This allows us to track stable regions
which are detectable continuously during the fall. Similarly, a novel
2D video-based FD pipeline with a human pose estimation is proposed
in [33]. The authors used OpenPose to extract the coordinates of the
human body key points, which are then fed to a CNN model to extract
multi-layered features and, finally, perform a binary classification to
detect falls. Likewise, [34,35] addressed the issues of 3-D head pose
estimation using RGB-D data, to effectively estimate the location and
orientation of a person’s head.
With the advance in Deep Learning (DL) technology, many researchers put forward DL based approaches for FD tasks as well. For
instance, Ciabattoni et al. [36] propose a real-time FD method that
allows the capture of RGB video streams, an individual’s position estimation, and, next, an estimation of FD likelihood, which then generates

Fig. 1. The pipeline of our proposed FD approach.

potential alert messages to caregivers with registered audio and video
messages. In [37], the authors present a novel FD method based on
Convolutional Neural Networks (CNN) using optical flow images. Moreover, transfer learning is widely used to take advantage of pre-trained
models by reusing their network weights or fine-tuning the classification layers. Similarly, Han et al. [38] present a two-stream approach
based on the MobileVGG network. While, Han et al. [38] combine an
improved lightweight VGG network and the motion characteristics of
the human body. Likewise, a 3D CNN-based method combined with
a long short-term memory (LSTM) is presented in [39]. The 3D CNN
is used to extract motion and spatial features, while the LSTM-based
spatial visual attention scheme is incorporated to locate the fall in each
frame. Inspired by the work mentioned above, we focus on vision-based
FD using LSTM and TCN architectures for classification of angle and
distance features extracted from video sequences. Transfer learning is
performed to take advantage of the strong ability of the Resnet50 model
in extracting significant features that are later fed to our two-class SVM
classifier.
3. Proposed method
The central key in our developed methodology consists in identifying relevant features that can genuinely distinguish fall from non-fall
activities in 2D representation. In this respect, we noticed that, when a
person is sitting or standing, the head and the center hip form a vector
which is perpendicular to the horizontal axis passing through the center
hip, as illustrated in ‘‘Fig. 2(a)’’ and ‘‘Fig. 2(b)’’. The horizontal axis is
defined as a straight line parallel to the X_axis and passing through the
center hip. In contrast, when a person is in a lying or a falling posture,
this vector is approximately aligned and parallel to the horizontal axis
of the body’s center hip. Besides, sitting slumped to one side leads to
forming an angle of around 120◦ or 45◦ between the mentioned vector
and the horizontal axis, as shown in ‘‘Fig. 2(c) and Fig. 2(d)’’. The angle
value depends on the degree of slump sitting. However, the posture is
considered lying or falling when this value is close to 0◦ or 180◦ , as
shown in ‘‘Fig. 2(e)’’.
To illustrate our approach mathematically, we refer to the head
centroid by the point H(xℎ ,yℎ ) and to the center hip of the body by
the point B(x𝑏 ,y𝑏 ). Let 𝑈⃗ be the vector from B to H. Similarly, let 𝑉⃗
be the vector joining the point B to the point C(x𝑐 ,y𝑐 ). The point C is
3
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Fig. 2. Samples from the Le2i FD dataset representing the angle 𝛼 in (a) sitting, (b) standing, (c) bending to the left posture and (d) bending to the right and finally, (e) falling postures.
The value of 𝛼 is around 90◦ in (a), (b), around 120◦ in (c), around 45◦ in (d), and around 180◦ in (e). 𝛼 is calculated between the white and the yellow vectors.

we create a set of images that is fed later to some pre-trained network
to extract distinctive features. The extracted features are then trained
with a two-class SVM classifier to detect falls from daily life activities.
Finally, the results of the classification with SVM, LSTM and TCN are
compared. The overall approach is summarized in four steps as follows
(see Algorithm 1 and Fig. 1).
Algorithm 1: Calculate angles and distances
(I) INPUT: video_sequence, method, bool;
(II) if method = ’Manual’ then
Use optical flow to extract significant frames;
Use key frames to down-sample the video;
Manually annotate head and calculate the centroid H;
Manually annotate body and calculate the center hip B;
else if method = ’Automatic’ then
1 - Extract feature maps;
2 - Predict 2D confidence maps of body part locations;
3 - Predict 2D vector fields of part affinities that describe the degree
of association between body parts;
4 - Produce 2D key-points for humans in the scene;
5 - Get locations of the point head;
6 - Use the locations of right knee, and left knee points to calculate
the center hip of the body;
else
print(’Available methods are Manual or Automatic’);
end
(III) for frame in video_sequence do
Create point C with Xc > Xb (for example Xb+50) and Yc = Yb;
Create vectors 𝑈⃗ and 𝑉⃗ ;

Fig. 3. Mathematical representation for angle and distance used in our method.

defined such that x𝑐 > x𝑏 and y𝑐 = y𝑏 . The red cross in Fig. 2 refers to
the head (point H ) and the blue cross refers to the center hip of the
body (point B).
Relying on the above observation, we calculate, for each video
frame, the angle 𝛼 formed between 𝑈⃗ and 𝑉⃗ , and the distance 𝛾
between the head and the center hip of the body (i.e., the magnitude
of the vector 𝑈⃗ ). These notations are used throughout the paper. Fig. 3
illustrates the two vectors 𝑈⃗ and 𝑉⃗ , the angle 𝛼 and the magnitude
𝛾. Each video is therefore characterized by a feature vector containing
the sequence of the computed angles (𝛼) and distances (𝛾) of all its
frames. The first step of our approach consists of down-sampling the
videos to reduce the number of frames by keeping only those that
contain motion. This helps us to reduce both the computational and
the man-power burden effort in the next steps when the annotation
is conducted manually. This step is omitted when the annotation is
performed automatically where the whole video sequence is processed.
Then, we use these frames to annotate the head and the body parts,
distinguishing the manual annotation process (of the head and of the
body part of each frame), and the automatic annotation process through
a pose estimation algorithm that uses a deep learning approach whose
detail is provided later on. We propose to use either the manual or
automatic annotation to localize both points (the head and the center
hip of the body) and the choice between two alternatives can be either
manual or system requirement. For instance, if the system should be
made real-time, the automatic annotation is more convenient. However, if the most important features of the FD system are the precision
and the reliability, it is better to opt for the manual annotation. We then
calculate the centroid and the center hip of the head and body part,
respectively. Next, we calculate the angle 𝛼 and the distance 𝛾. Next,
we represent each video with a sequence of angles 𝛼𝑖 and a sequence of
distances 𝛾𝑖 , where i represents the frame’s index. Once these sequences
are created for each video, we distinguish two scenarios. In the first
scenario, we train an LSTM network on these features and classify the
video sequences accordingly into fall and non-fall cases. Here ’non-falls’
would stand for all other daily living activities that are not falls. We
also devised a data augmentation strategy that handles the potential
mismatch of input size to the LSTM network. For this purpose, we
performed a simple padding task where the feature vector (angle and
distance value) of the first frame is duplicated and concatenated to yield
the same dimension as the largest sequence. In the second scenario,

Calculate angle between vectors 𝑈⃗ and 𝑉⃗ using the cosine law ;
Calculate distance between vectors 𝑈⃗ and 𝑉⃗ ;
Save frame, angle, distance;
end

In the next subsections, we detail the aforementioned individual
(sub) tasks.
3.1. Step 1: Down-sampling
The length of the Le2i dataset video sequences vary from 30 s to
4 min, with a frame rate of 25 frames per second, yielding video sequences of more than 1000 frames. This renders any manual annotation
task very exhausting. Therefore, for the purpose of reducing the intensive labor work, instead of using all the frames, we down-sample each
video (note that this only applies to manual annotation task not in the
case where automatic annotation were used). Inspired by [40] where a
motion analysis based video summarization technique using an optical
flow has been presented, we use optical flow (OF) to down-sample
our videos. For this purpose, we exploit the Horn–Schunck method to
estimate the movement in video sequences. Especially, we observed
that falls, in general, occur fast and, therefore, can be characterized by
a significant motion change among frames. Accordingly, we keep track
only of those frames that bear important motion change and construct
a re-sampled video sequence using these frames, with a rate of 25
frames per second. It is to note that the new re-sampled videos contain
fewer frames than the original videos. For example, a video of 1607
frames is reduced to 578 frames, while another video of 1283 frames
4
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is downsampled to 583 frames. The downsampling rate is variable
and depends on the mean values of the optical flow components of
each video. More specifically, to automate this downsampling process,
we first estimate the optical flow among all the frames using the
Horn–Schunck method that consists in resolving the constraint: 𝐼𝑥 .𝑢 +
𝐼𝑦 .𝑣 + 𝐼𝑡 = 0. Where I𝑥 , I𝑦 , I𝑡 are the spatiotemporal image brightness
derivatives, while u and v correspond to the horizontal and the vertical
optical flow components, respectively. Then, we calculate the mean
of both horizontal (Vx) and vertical (Vy) components of the optical
flow, which we call meanVx and meanVy, respectively. Subsequently,
the mean squared normalized error performance (MSE) is computed to
estimate the similarity between the horizontal\vertical components of
optical flow of each frame and the mean value of horizontal and vertical
components of optical flow, respectively (similarityVx and similarityVy).
‘‘(1)’’ demonstrates how to calculate such similarity using the MSE
values.
𝑠𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦𝑉 𝑧𝑖 =

𝑃
1 ∑
. (𝑉 𝑧𝑖 (𝑝) − 𝑚𝑒𝑎𝑛𝑉 𝑧)2
𝑃 𝑝=1

(1)
Fig. 4. Samples from the Le2i FD dataset representing: First row — the manual annotation
of (a) the center hip of the body and (b) the head; Second row — the points produced using
the pre-trained model trained on the multi-person dataset MPII (automatic annotation).

Where z refers to either x or y component. P refers to the pixels of
the frame, while i corresponds to its index and p stands for a particular
pixel of the frame i. Frames that have a similarity similarityVx𝑖 (resp.
similarityVy𝑖 ) above or equal their mean similarity meanSimVx (resp.
meanSimVy) are preserved while others are removed. The mean similarity meanSimVx (resp. meanSimVy) is computed as the average similarity
similarityVx𝑖 (resp. similarityVy𝑖 ) across all the frames. This process constructs the re-sampled videos. Besides, the maintained frames should
respect the conditions given by ‘‘(2)’’.
{
}
𝑠𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦𝑉 𝑥𝑖 >= 𝑚𝑒𝑎𝑛𝑆𝑖𝑚𝑉 𝑥
(2)
𝑠𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦𝑉 𝑦𝑖 >= 𝑚𝑒𝑎𝑛𝑆𝑖𝑚𝑉 𝑦

3.2.1. Manual annotation
The annotation of each frame contains the frame’s index, the localization of the head part in the video frame in terms of the approximated
bounding box (according to human visual perception capability), and
the coordinates of the head centroid (approximated by the center of
the bounding box). Similarly, to annotate the human body part in the
video frame, discrete points are manually assigned over the contour of
the body with the help of online annotation tool, which is then used
to estimate its centroid that corresponds to the center hip. Figs. 4(a)
and 4(b) illustrate the manual annotation of the body and the head
part. The blue point corresponds to an estimation of the center hip of
the body in (a) and the centroid of the head in (b). The samples were
taken from the Le2i dataset. The maintained frames from the previous
re-sampling process are used here to annotate the video sequences. The
shapes surrounding the head and the body are drawn manually and
their centroids are then calculated.

Algorithm 2: Down-sampling videos
(I) INPUT: video_sequence, method, bool;
framex = {}, framey = {};
for frame in video_sequence do
Estimate optical flow;
Calculate horizontal and vertical components Vx and Vy ;
VxFrames(frame,:,:) = Vx;
VyFrames(frame,:,:) = Vy;
end
Calculate mean(VxFrames) and mean(VyFrames);
for frame in video_sequence do
similarityVx(frame) = mse (VxFrames,Vx);
similarityVy(frame) = mse (VyFrames, Vy);
end
Calculate mean(similarityVx) and mean(similarityVy);
for frame in video_sequence do
if similarityVx(frame) >= mean(similarityVx) ς similarityVy(frame) >=
mean(similarityVy) then
framex.append(frame);
frames = unique(framex,framey, ’sorted’);
end

3.2.2. Automatic annotation
For the automatic annotation, we used a pose estimation model that
relies on the pre-trained Caffe model, which won the CoCo keypoints
challenge in 2016 [41]. The position and orientation of the human body
are tracked across frames by detecting keypoints that correspond to
important parts of the body and localizing individual’s major joints.
More specifically, the pre-trained model was trained on the multiperson dataset MPII [42] that produces 15 points as illustrated in
Fig. 4(c) and outputs the confidence score and affinity maps. The
detection of the keypoints proceeds in three stages. First, the image
inputs are fed to ten first layers of a VGG network to extract feature
maps. Next, a 2-branch multi-stage CNN is implemented where 2D
confidence maps of body part locations and 2D vector fields of part
affinities that describe the degree of association between different parts
are predicted in the first and second branch, respectively. Finally, the
2D keypoints for human bodies in the scene are produced by parsing
both confidence and affinity maps using greedy inference. Once we get
the locations of the key points at each frame of the video, we focus only
on 3 points: head, right knee, and left knee. The point head is used
to localize the head while the two other points are used to calculate
the center hip of the body. Note that the pose estimation is used to
determine the localization of the head and the center hip of the body
only and not for the feature extraction.

This re-sampling process (see Algorithm 2) reduces the number of
frames of each video to less than half of the original number of frames
of the given video, which, in turn, facilitates the subsequent task of
manual annotation.

3.2. Step 2: Body and head annotations
Once the videos are re-sampled, and since our work uses features
extracted from the body geometry, we describe below the manual and
automatic annotation of individual’s head position and body part in
each video frame.
5
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3.2.3. Angle and distance calculus
The head centroid and the center hip of the body are used to
calculate their associated distance 𝛾 and the angle 𝛼 between the vector
𝑈⃗ and the vector formed by the horizontal axis corresponding to the x
coordinate of the center hip called 𝑉⃗ .
For the angle calculus, we can compute its cosine value and deduce
the corresponding angle. The cosine is computed using the law of
cosines, and the Euclidean norm is used to calculate the magnitude of
vectors. ‘‘(3)’’ highlights the process of calculating the cosine of the
angle 𝛼. (𝑉⃗ − 𝑈⃗ ) refers to the vector between the head centroid and the
‖ ⃖⃖⃗‖
⃗
axis point C and ‖𝑋
‖ is the Euclidean norm of the vector 𝑋.
‖ ‖
‖ ⃖⃖⃗ ⃖⃖⃗ ‖2 ‖ ⃖⃖⃗‖2 ‖ ⃖⃖⃗‖2
− ‖(𝑉
− 𝑈 )‖ + ‖𝑈 ‖ + ‖𝑉 ‖
‖
‖ ‖
‖ ‖
𝑐𝑜𝑠(𝛼) = ‖
(3)
‖ ⃖⃖⃗‖ ‖ ⃖⃖⃗‖
2. ‖𝑈
‖ . ‖𝑉 ‖
‖ ‖ ‖ ‖
We, therefore, calculate the distance between the head and the center
hip of the body (magnitude of the vector 𝑈⃗ ) among all the video frames
using the Euclidean norm for both manual and automatic annotations
as shown by (4).
√
‖ ⃖⃖⃗‖
(4)
‖𝑈 ‖ = 𝑑(𝐵, 𝐻) = (𝑥𝑏 − 𝑥ℎ )2 + (𝑦𝑏 − 𝑦ℎ )2
‖ ‖

Algorithm 3: Padding and classification
(I) INPUT: Feature_sequences, padding, maxSequence;
(II) if padding then
for sequence in Feature_sequences do
Features = Feature_sequences(sequence);
firstFrame = Features(1,:);
if length(Features) < maxSequence then
remainingFrames = maxSequence - length(Features);
newFeatures = zeros(remainingFrames,3);
for i in remainingFrames do
newFeatures(i,:) = firstFrame ;
end
newFeatures = [newFeatures,Features];
Save newFeatures;
end
Prepare training and testing sets from newFeatures;
Classify with LSTM;
else
for sequence in Feature_sequences do
Features = Feature_sequences(sequence);
Concatenate (Features(1,:),Features(2,:),Features(3,:)) to create
new image;
end
Prepare training and testing sets from new images;
Transfert learning to extract features from these images;
Classify with SVM or TCN;
end

3.3. Step 3: Feature extraction
As illustrated in Fig. 1, we discern two scenarios depending whether
macro-images have been used to infer feature vectors or not. More
specifically, in the first scenario, we construct our feature vectors by
concatenating angles and distances, while in the second scenario, we
create macro image features using angles and distances. Besides, the
angles and the distances are calculated between the vectors 𝑈⃗ (white
vector in Fig. 2) and 𝑉⃗ (yellow vector in Fig. 2) among all frames of
the re-sampled videos. The details of both scenarios are provided in the
subsequent subsections.

3.3.2. Macro-image feature
Similarly, in the second scenario, we concatenate the angles and the
distances to construct the set of macro images (RGB images). The newly
created RGB image for the video sequence V is thereby constructed
using the following feature vector:

3.3.1. Padding feature vector
In the first scenario, each video is characterized by the feature
vector illustrated by ‘‘(5)’’, where i is the index of the video frame.
𝑉 = {[1, 𝛼1 , 𝛾1 ], [2, 𝛼2 , 𝛾2 ], [3, 𝛼3 , 𝛾3 ]...[𝑖, 𝛼𝑖 , 𝛾𝑖 ]}

𝑉 = {[1, 𝛼1 , 𝛾1 ], [2, 𝛼2 , 𝛾2 ], [3, 𝛼3 , 𝛾3 ]...[𝑖, 𝛼𝑖 , 𝛾𝑖 ]}
Where values of i build the first channel, 𝛼𝑖 build the second channel,
while 𝛾𝑖 make up the third channel.
Each video sequence is therefore characterized by an image from
the macro images set. Accordingly, the macro image encodes the angle
sequences and the distance sequences taking into account the temporal
aspect of the video illustrated by the first channel (the video frames).
This set of images is constructed using features extracted from ’angles
and distances’ using both manual and automatic annotations. Fig. 5
illustrates step 3 and step 4.

(5)

Since the video sequences do not contain the same number of frames,
these feature vectors are of different lengths and could not be fed
directly to the classifier which requires fixed input size. For that,
we perform a padding strategy (see the first ‘if padding’ block from
Algorithm 3) that allows us to enforce the same vector size whose
length is set to the maximum value of all vectors’ lengths. Therefore,
each vector is extended to the new length by adding new value to its
beginning. Besides, to avoid random allocation, the new components
resulting from the feature vector augmentation are assigned ‘angles
and distance’ values corresponding to the first frame. This is due to
the fact that augmenting the feature vector by duplicating the features
of the first frame, which actually encodes the ongoing action in the
first fame, cannot alter the actions performed by the individual in
other frames. Feature vectors are then fed to an LSTM classifier for FD.
Besides, features obtained from both manual and automatic annotations
are considered and proceeded in the same manner. To illustrate this
process, let us consider a video M characterized by:

3.4. Step 4: Classification
We train a Long-short-term memory (LSTM) network using the
sequence of both angles and distances in the first scenario to detect fall
and non-fall cases. Besides, to make the learning faster, we construct
our LSTM model using a bi-LSTM layer that allows us to access data
in both forward and reverse directions. Fig. 6 highlights our LSTM
architecture.
To detect falls in the second scenario, we extract distinctive features
from our set of feature images using a pre-trained model. In our
approach, we use activations of the Resnet50 and the AlexNet networks
as our features. Then, we feed them to a two-class SVM classifier to
distinguish between falls and daily life activities.
Furthermore, we train a TCN classifier (as illustrated by Fig. 7) to
distinguish between falls and no falls activities from our newly created
feature images. For the TCN architecture, we use 20 filters in the
convolutional layers with a kernel size of 6 for each. Also, one stack
of residual block is used in addition to a dropout rate of 0.05, a ‘Relu’
activation function and the batch normalization is exploited.

𝑀 = {[1, 𝛼1 , 𝛾1 ], [2, 𝛼2 , 𝛾2 ], [3, 𝛼3 , 𝛾3 ] … [𝐾, 𝛼𝐾 , 𝛾𝐾 ]}
Let us refer to the total number of frames by K and the maximum
value of all video lengths by Max, where 𝐾 <= 𝑀𝑎𝑥. We add (MaxK) elements of value [𝛼1 , 𝛾1 ] at the beginning of M, so the vector M
becomes:
𝑀 = {[1, 𝛼1 , 𝛾1 ], [2, 𝛼1 , 𝛾1 ], … , [𝑀𝑎𝑥 − 𝐾, 𝛼1 , 𝛾1 ],
[1 + 𝑀𝑎𝑥 − 𝐾, 𝛼1 , 𝛾1 ][2 + 𝑀𝑎𝑥 − 𝐾, 𝛼2 , 𝛾2 ],
[3 + 𝑀𝑎𝑥 − 𝐾, 𝛼3 , 𝛾3 ] … [𝐾, 𝛼𝐾 , 𝛾𝐾 ]}
6
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Fig. 5. Our padding strategy followed by the feature extraction process and classification step. In the first scenario, the angles and the distances of the first frame are used to fill out the
empty elements of the (augmented) feature vectors, which are then fed to an LSTM classifier. In the second scenario, the angles and the distances are used to create images which are fed
firstly to a pre-trained model to extract significant features and, then used to train an SVM classifier.

Fig. 6. Our LSTM architecture for classifying falls using our calculated angles and distances as input sequences.

Fig. 7. The TCN architecture [43] used for classifying falls using our calculated angles and distances as input sequences.

4. Experimental results and discussion

4.1. Experimental setup
We first evaluate the results obtained from our SVM and LSTM
models trained on our extracted features. Next, we evaluate the features
extracted from our constructed images using the Resnet50 model to
those extracted using the AlexNet model. Then, we provide results of
FD using automatic annotation of the head and the center hip of the
body. In addition, we evaluated the performance of the TCN network
on both; extracted features and our created feature images. Finally, we
perform a cross-dataset evaluation of our FD system using the Le2i and
the UR FD datasets for training and testing respectively and vice-versa.
To be able to compare our work to previous works on the same
datasets and in the same way as [37], we apply a k-fold cross-validation
to our LSTM and SVM models with k=5. The UR FD and the Le2i
datasets were randomly split into five equal size subsets. At each

Fall is a kind of unpredictable action that occurs infrequently. Due
to the rarity of the occurrence of falls, most existing FD datasets are set
up by simulated fall data. The lack of such benchmark datasets and
real fall data makes the evaluation process of FD systems hard and
less convincing. We evaluate our approach on the publicly available
Le2i FD [11] and the UR FD [12] datasets. In the subsequent section,
we present these two datasets and the evaluation metrics employed
to evaluate our proposal’s performance and, finally, the experimental
results we obtained.
7
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Table 1
Performance results for our FD approach on the Le2i dataset using an AlexNet and a
Resnet50 models for feature extraction.

iteration of the five iterations, we compose the training and testing sets
with four subsets and one set. We use a data augmentation process to
transform training and test sets with an optional pre-processing stage
such as resizing, which helped us to resize the images of the data-store
to make them compatible with the input size of the pre-trained model.
Therefore, at each epoch, the training set is modified slightly to get a
better result and avoid overfitting. The results are computed across the
combination of all the iterations.

Recall (or sensitivity), Precision, Specificity, Accuracy, and F1_
measure are commonly employed performance metrics, which are also
used in our experiment. Therefore, we calculate these five entities as
follows:
Accuracy: measures the percentage of real falls and non-falls activities correctly predicted, relative to the total number of samples.
Mathematically, this can be expressed as:
𝑇 𝑟𝑢𝑒𝑃 𝑜𝑠𝑖𝑡𝑖𝑣𝑒 + 𝑇 𝑟𝑢𝑒𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒
𝑇 𝑜𝑡𝑎𝑙𝑁𝑢𝑚𝑏𝑒𝑟𝑂𝑓 𝑆𝑎𝑚𝑝𝑙𝑒𝑠

𝑇 𝑟𝑢𝑒𝑃 𝑜𝑠𝑖𝑡𝑖𝑣𝑒
𝑇 𝑟𝑢𝑒𝑃 𝑜𝑠𝑖𝑡𝑖𝑣𝑒 + 𝐹 𝑎𝑙𝑠𝑒𝑃 𝑜𝑠𝑖𝑡𝑖𝑣𝑒

(6)

Recall: measures the proportion of activities predicted in their
classes. In other terms, it measures the actual positive cases predicted
as being positive. This is widely used when the classes are not equally
sampled. Mathematically, this can be expressed as:
𝑅𝑒𝑐𝑎𝑙𝑙 =

𝑇 𝑟𝑢𝑒𝑃 𝑜𝑠𝑖𝑡𝑖𝑣𝑒
𝑇 𝑟𝑢𝑒𝑃 𝑜𝑠𝑖𝑡𝑖𝑣𝑒 + 𝐹 𝑎𝑙𝑠𝑒𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒

𝑇 𝑟𝑢𝑒𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒
𝑇 𝑟𝑢𝑒𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒 + 𝐹 𝑎𝑙𝑠𝑒𝑃 𝑜𝑠𝑖𝑡𝑖𝑣𝑒

(7)

F_score

0.800
1.000
0.909
0.950

0.821
0.870
0.931
0.974

Features

Acc.

Precision

Recall

F_score

Spe.

Angle+Distance + SVM
Angle+Distance + LSTM
Angle+Distance + TCN
Feature images + AlexNet + SVM
Feature images + Resnet50 + SVM
Feature images + TCN

0.659
0.765
0.778
0.774
0.807
0.889

0.707
0.760
0.777
0.798
0.835
0.900

0.693
0.877
0.780
0.824
0.835
0.900

0.700
0.814
0.777
0.811
0.835
0.900

0.613
0.604
0.618
0.703
0.766
1.000

Features

Acc.

Precision

Recall

F_score

Angle+Distance + SVM
Angle+Distance + LSTM
Feature images + AlexNet + SVM
Feature images + Resnet50 + SVM

0.850
0.850
0.920
0.960

0.818
0.800
0.923
1.000

0.900
1.000
0.923
0.900

0.857
0.889
0.923
0.947

Features

Acc.

Precision

Recall

F_score

Spe.

Angle+Distance + SVM
Angle+Distance + LSTM
Angle+Distance + TCN
Feature images + AlexNet + SVM
Feature images + Resnet50 + SVM
Feature images + TCN

0.863
0.890
0.950
0.971
0.986
0.850

0.930
0.866
0.971
0.976
1.000
0.852

0.833
0.967
0.875
0.976
0.976
0.833

0.879
0.914
0.913
0.976
0.988
0.842

0.906
0.775
0.869
0.964
1.000
0.920

(8)
Table 5
Performance results for our FD approach using the Le2i dataset for training and the
UR FD dataset for testing (cross dataset 1) and its reciprocal (cross dataset 2) with
pose estimation for automatic annotation.

F_Score: determines the harmonic mean of precision and recall and
gives information about the test’s accuracy. This measure estimates
the precision and the robustness of the system in predicting different
samples. It is expressed as:
𝑃 𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ∗ 𝑅𝑒𝑐𝑎𝑙𝑙
𝐹 _𝑆𝑐𝑜𝑟𝑒 = 2 ∗
𝑃 𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙

Recall

0.842
0.769
0.952
1.000

Table 4
Performance results for our FD approach on the UR FD dataset using an AlexNet and
a Resnet50 models for feature extraction and pose estimation for automatic annotation.

Specificity: measures the actual negative cases predicted as negative.
Similarly to the sensitivity (Recall), this is mainly used for imbalanced
datasets to estimate the system sensitivity to predict negative class.
Specificity can be calculated as follows:
𝑆𝑝𝑒𝑐𝑖𝑓 𝑖𝑐𝑖𝑡𝑦 =

Precision

0.731
0.769
0.885
0.962

Table 3
Performance results for our FD approach on the UR FD dataset using an AlexNet and
a Resnet50 models for feature extraction.

Precision: measures the likelihood of a detected instance of activity
(fall or non-fall) to its real occurrence. This can be expressed as:
𝑃 𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =

Acc.

Angle+Distance + SVM
Angle+Distance + LSTM
Feature images + AlexNet + SVM
Feature images + Resnet50 + SVM

Table 2
Performance results for our FD approach on the Le2i dataset using an AlexNet and a
Resnet50 models for feature extraction and pose estimation for automatic annotation.

4.2. Performance metrics

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =

Features

Features

Acc.

Precision

Recall

F_score

Spe.

0.760
0.662
0.810
0.820

0.725
0.671
0.833
0.821

0.966
0.596
0.846
0.900

0.828
0.578
0.839
0.859

0.450
0.414
0.758
0.847

0.683
0.670
0.960
0.824

0.763
0.735
0.952
0.811

0.669
0.596
0.983
0.865

0.712
0.566
0.967
0.837

0.703
0.714
0.925
0.934

Cross Dataset 1

(9)

Angle+Distance + LSTM
Angle+Distance + TCN
Feature images + Resnet50 + SVM
Feature images + TCN

We calculate the false positive rate as 𝐹 𝑃 𝑅 = 1 − 𝑠𝑝𝑒𝑐𝑖𝑓 𝑖𝑐𝑖𝑡𝑦 and
the false negative rate as 𝐹 𝑁𝑅 = 1 − 𝑟𝑒𝑐𝑎𝑙𝑙.

Cross Dataset 2

4.3. Datasets

Angle+Distance + LSTM
Angle+Distance + TCN
Feature images + Resnet50 + SVM
Feature images + TCN

The le2i FD dataset. contains 221 videos of 131 falls and 90 daily life
activities (ADLs). A single fixed camera records the different activities
with a frame rate of 25 frames/s and a resolution of 320 × 240 pixels.
All the activities are simulated by several actors and are gathered
at four locations: Home, Office, Coffee room, and Lecture room. The
dataset illustrates many difficulties of realistic video sequences of an
elderly home or office, such as variable illumination and occlusion.
The manual annotations of 191 videos were given, with an extra
information representing the ground-truth of the fall position and the
localization of the body in the image sequence.

4.4. Experiment results
For the Le2i dataset, we achieved a Recall score of 100% for the set
of features consisting of angles and distances and trained on the LSTM
network. Beside, the outcomes of LSTM training are by far better than
SVM training on the same feature set. This can be justified by the highcapacity of the deep learning models to extract significant features and
classify them accordingly.
Table 1 illustrates the results obtained for the set of images constructed from (angle + distance) with manual annotation using the
activations of the Alexnet and the Resnet50 models as well as the

The UR fd dataset. contains 70 (30 falls + 40 activities of daily living)
sequences [12]. Two Microsoft Kinect cameras were used to record
fall events from two different perspectives, where ADLs were recorded
with only one camera. This results in 60 fall sequences and 40 non-fall
activities.
8
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Table 6
Performance results in terms of False negative and false positive rates for our FD
approach for the Le2i, UR FD and cross datasets (Cross dataset 1 refers to using the
Le2i dataset for training and the UR FD for testing while Cross dataset 2 refers to its
reverse operation) with pose estimation for automatic annotation.
Features

FPR.

FNR.

0.396
0.382
0.156
0.000

0.123
0.220
0.132
0.100

0.225
0.131
0.000
0.080

0.033
0.125
0.024
0.167

0.297
0.586
0.025
0.153

0.331
0.404
0.033
0.100

0.550
0.286
0.209
0.066

0.034
0.404
0.169
0.135

body do not contain any information which may be specific to the
dataset such as illumination, actors, their clothing, background, . . . etc.
So, the data from both datasets could be fused to construct a larger
dataset for FD. Therefore, we compared the results of using the Le2i
dataset for training which contains more video sequences and the UR
FD dataset for testing and vice-versa. Table 5 outlines our findings using
this cross-dataset evaluation for which we report results in terms of
accuracy, precision, recall, F_score and specificity. One notices that the
best results were mainly obtained by training TCN on features extracted
from our newly created images using both angles and distances, in
the first cross-dataset and by training SVM on features extracted from
the same set of images using Resnet50 activations in the second crossdataset. Also, using the UR FD dataset for training and Le2i for testing
was giving better results than the reverse operation. This indicates
that testing on many samples is essential to achieve high performance
results.
From the results reported in Tables 2 and 4, we can see that using
the TCN classifier for FD gave us promising results as well. Also,
values of FPR and FNR (see Table 6) using the TCN classifier are low
which testify of the reliability and robustness of our chosen features.
However, we observe that SVM-based classifier yields relatively better
performances for the Le2i dataset and the cross-dataset 1, which can
be explained by the fact that the deep learning networks require large
dataset for training while existing FD datasets were relatively small in
scale, imbalanced and contain only few fall data. Especially, SVM was
able to depict falls from non-falls activities more efficiently than the
TCN model in the UR FD dataset and the cross-dataset 2.
Similarly, we observe from Tables 1 and 3 that using the new
images gave us better results than directly feeding the features vectors
to our LSTM and SVM models. The results were by far improved by
creating these images and extracting significant features from them
using pre-trained models. Similarly, the false negative rate FNR and
the false positive FPR rate were low. Therefore, the probabilities that
a false alarm will be raised or that a fall will be missed by our system
were low as well. This demonstrates the reliability of our system. The
corresponding values of FPR and FNR were reported in Table 6. We
demonstrate in Table 6 that using the TCN model on the feature images
relatively decreased the values of the FPR and FNR scores compared to
those obtained when feature set (angles and distances) were employed.
We compared our results with [37,44–46] since we used the same
evaluation protocol and the same metrics. However, we acknowledged
the difficulty in performing a reliable comparison with other stateof-art works because of the lack of detailed pre-processing pipeline
in many published works in this field. Table 7 illustrates our results
versus the results obtained by [37,44–46] on the Le2i dataset and
UR FD dataset, where we present different variants of our approach.
We can see from this table that our results are comparable to the
aforementioned state-of-the-art results. In addition, we obtained better
results in terms of precision and recall which are more significant and
reliable when evaluating an imbalanced dataset than accuracy and F1
score. However, our approach is independent on the background and
illumination changes, unlike [37] that used optical flow and [44] which
combined SVM with hidden Markov models to handle such effects.
Both models depend on the RGB videos and can be influenced by
illumination or occlusion.

Le2i Dataset
Angles + Distances + LSTM
Angles + Distances + TCN
Images from Angles + Alexnet + SVM
Images from Angles + Distances + TCN
UR FD dataset
Angles + Distances + LSTM
Angles + Distances + TCN
Images from (Angles + Distances) + Alexnet + SVM
Images from Angles + Distances + TCN
Cross dataset 1
Angles + Distances + LSTM
Angles + Distances + TCN
Images from Angles + Resnet50 + SVM
Images from Angles + Distances + TCN
Cross dataset 2
Angles + Distances + LSTM
Angles + Distances + TCN
Images from Angles + Resnet50 + SVM
Images from Angles + Distances + TCN

results of training SVM and LSTM on these features directly for the Le2i
dataset. Likewise, Table 2 summarizes the results obtained for the same
set of images using automatic annotation approach. Notice that LSTM
results were found to outperform those obtained using SVM classifier,
and better accuracy, precision and specificity scores were obtained by
applying the TCN to the same set of features. Besides, the best accuracy,
precision, recall, F_score and specificity values (88.9%, 90.0%, 90.0%,
0.90 and 100.0%) were obtained for features extracted and trained on
TCN from images built using (angle + distance) based features.
Similarly, for the UR FD dataset, a recall score of 100% was observed (Table 3) when training LSTM on the set of features consisting of
(angle + distance). The recall obtained for SVM classification of images
extracted from our newly created images using the AlexNet activations
as features was better than the one obtained from the Resnet50 activations for our set of features (angles+distances). However, the accuracy
and the precision values were higher when using the Resnet50 activations. Table 4 illustrates the results of the evaluation of our FD method
on the UR FD dataset using pose estimation for automatic annotations
of the head and the center hip of the body. We can notice from this table
almost the same trend of outcomes as in the previous tables. Training
LSTM was mostly performing better than training an SVM classifier
on the features directly and TCN yields better results than SVM and
LSTM in terms of Precision, Accuracy and F1 scores. Furthermore,
activations of the Resnet50 provided more significant features than
activations of the AlexNet. Hence classifying falls and ADLs using the
newly constructed images and Resnet50 extracted features, trained
on the SVM model yielded the best in terms of accuracy, precision,
recall and F_score (98.6%, 100%, 97,6% and 0.988 respectively). The
preceding employs the (angles and distances) features extracted using
pose estimation for the automatic annotation of the head and the center
hip of the body. However, the TCN network trained on our newly
constructed images did not perform better than the SVM classifier as for
the Le2i dataset. This can be justified by the fact that the TCN model
requires more data for training to get better results whereas the UR FD
dataset is a very small dataset.
On the other hand, since our features consist of angles, distances and
the generated images, a cross-dataset evaluation could be performed to
estimate our FD system performances on large scale dataset. Sequences
of angles and distances between the head and the center hip of the

4.5. Ablation study
In order to further motivate the proposed architecture, we conducted a two-stages ablation study. In the first phase, we performed a
feature ablation study by removing one feature (the distance between
the head and the center hip of the body). We therefore investigated
the influence of this feature on the FD by comparing the results with
different configurations of classifiers and data. In the second phase, we
performed hyper-parameters ablation study for both SVM and LSTM
classifiers employed in our model architecture. In the first phase, for
9
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Table 7
Comparison between performance results (in %) of our FD approach with other existing approaches on the Le2i dataset and the UR FD dataset.
Approaches

Le2i FD dataset

Combined curvelets + HMM [44]
OF + CNN [37]
Dual-channel feature integration based FD [45]
SVC [46]
ours: Angle + Distance + Resnet50 + SVM
ours: Angle + AlexNet + SVM
ours: Angle + Distance + LSTM

UR FD dataset

Acc.

Precision

Recall

F_score

Acc.

Precision

Recall

F_score

97.02
97.00
96.91
98.00
96.20
76.90
76.90

–
–
97.65
97.00
100
81.80
76.90

98.00
93.60
96.51
97.20
95.00
90.00
100

–
–
97.08
97.10
97.40
85.70
87.00

96.88
95.00
97.33
99.6
96.00
95.00
85.00

–
–
97.78
95.00
100
100
80.00

–
100
97.78
97.00
90.00
91.70
100

–
–
97.78
96.00
94.70
95.70
88.90

Table 8
Performance results for our FD approach on the Le2i dataset using a feature ablation
study.
Features

Acc.

Precision

Recall

F_score

Table 9
Performance results for our FD approach on the UR FD dataset using a feature ablation
study.

Spe.

Features

Manual annotation
Angle + SVM
Angle + LSTM
Feature images + AlexNet + SVM
Feature images + Resnet50 + SVM

0.692
0.731
0.769
0.962

0.875
0.731
0.818
0.952

0.700
1.000
0.900
1.000

0.778
0.845
0.857
0.975

0.593
0.674
0.786
0.915

0.660
0.640
0.824
0.888
0.837
0.870

0.673
0.862
0.815
0.868
0.791
0.860

0.666
0.735
0.818
0.878
0.813
0.865

0.500
0.308
0.397
0.844
0.781
1.000

Angle + SVM
Angle + LSTM
Feature images + AlexNet + SVM
Feature images + Resnet50 + SVM

Automatic annotation with pose estimation
Angle + SVM
Angle + LSTM
Angle + TCN
Feature images + AlexNet + SVM
Feature images + Resnet50 + SVM
Feature images + TCN

Acc.

Precision

Recall

F_score

Spe.

0.700
0.600
0.950
0.960

0.727
0.579
1.000
1.000

0.727
1.000
0.917
0.833

0.727
0.734
0.957
0.907

0.654
0.632
0.789
0.876

0.667
0.704
0.971
0.930
0.976
0.744

0.638
0.950
0.900
0.952
0.976
0.779

0.652
0.809
0.934
0.941
0.976
0.761

0.545
0.400
0.552
0.893
0.964
0.916

Manual annotation

0.602
0.633
0.822
0.858
0.787
0.844

Automatic annotation with pose estimation
Angle + SVM
Angle + LSTM
Angle + TCN
Feature images + AlexNet + SVM
Feature images + Resnet50 + SVM
Feature images + TCN

0.600
0.730
0.950
0.929
0.971
0.700

Table 10
Performance results for the feature ablation study on the cross dataset 1 and its
reciprocal (cross dataset 2) with pose estimation for automatic annotation.

the Le2i dataset, we achieved a Recall score of 100% using angles
only. Similar recall score is achieved when (angle + distance) features,
trained on the LSTM network, were used. In addition to the best
sensitivity of 100% achieved for SVM trained on features extracted
with Resnet50 from images built using angles only, the performance in
terms of accuracy, precision and F1 score evaluations were quite high,
in the same performance-level as that obtained with image features
constructed from (angle + distance). Moreover, it is clear from Tables 1
and 8 that the results obtained from LSTM trained on angle and distance
features are higher than the results obtained from angle features only in
terms of accuracy, precision and F_score. Beside, the outcomes of training LSTM on both sets of features are by far better than training SVM on
the same feature sets. In addition, we can see that the results obtained
from the images constructed from angles and distances are better than
those constructed from angles only when using either Resnet50 or
Alexnet. Similar trend holds in the automatic annotation when using
Resnet50 where images constructed using (angle + distance) features
yielded better results than those obtained from angle-only feature images. However, the opposite trend is noticed when using Alexnet where
the use of angle only feature-constructed images yields better result
than (angle + distance) feature together with SVM classifier. Similarly,
for the UR FD dataset, a recall score of 100% was observed (Table 9)
when training LSTM on the set of features composed of angles only.
The recall obtained for SVM classification of images extracted from
our newly created images using the AlexNet activation based features
was better than the one obtained from the Resnet50 activations for
both sets of features (angle only, angle+distance). Moreover, from the
results reported in Tables 4 and 9, we can see that exploiting distances
in addition to angles increased the performance of our results on all
datasets as compared to the case when angles alone were used. Again,
the TCN model yielded better performance than the SVM and LSTM for
the set of features composed of angles only for both datasets, except for
the recall which was better using the LSTM.
In overall, the results of training LSTM and SVM on features composed of ‘angle + distance’ were generally better than those trained
only on angles (see Table 10 for results on the cross dataset 1 and 2.).

Features

Acc.

Precision

Recall

F_score

Spe.

0.670
0.660
0.815
0.710

0.671
0.819
0.850
0.698

0.833
0.575
0.831
0.696

0.788
0.520
0.840
0.697

0.350
0.457
0.791
0.596

0.624
0.654
0.970
0.801

0.631
0.797
0.983
0.754

0.869
0.647
0.967
0.724

0.731
0.714
0.975
0.739

0.280
0.354
0.975
0.924

Cross dataset 1
Angle + LSTM
Angle + TCN
Feature images + Resnet50 + SVM
Feature images + TCN
Cross dataset 2
Angle + LSTM
Angle + TCN
Feature images + Resnet50 + SVM
Feature images + TCN

In the subsequent task, we performed a random search for the SVM
hyper-parameters optimization where we fine-tune the most important hyper-parameters such as the kernel type and penalty value. The
kernel types we considered are: linear, polynomial, RBF and sigmoid.
Whereas, a log scale in the range of [10, 1.0, 0.1, 0.001] were considered for penalty value parameter. We observed that the best recall and
precision values were obtained for a polynomial kernel and a penalty
value of 1.0. Fig. 8 illustrates recall and precision values for different
kernel types and penalty values for the Le2i dataset and feature images
inferred from Resnet50 network.
Similarly, we performed a hyper-parameters ablation study for the
LSTM model. We considered for this study the number of epochs,
number of neurons and the batch size, where their respective ranges
are (10,50,100); (600,1000) and (32,64,128), respectively. Best results
of recall and precision were found for a batch size of 64, 10 epochs and
600 neurons as illustrated in Fig. 9 for the UR FD dataset and features
extracted after automatic annotation.
4.6. Discussion
Our prediction model yields higher recall values than specificity
values in most cases, which attests that our approach allowed us to
better classify positive cases over negative cases. From another point
10
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Fig. 9. Optimization of our LSTM hyper-parameters using ablation. (a) represents
optimization of the precision whereas (b) the recall.

Fig. 8. Optimization of our SVM hyper-parameters using Random search. (a) represents
optimization of the precision whereas (b) the recall.

of view, a false positive may be followed with a needless action,
while a false negative would not get the necessary attention (as shown
in Figs. 10(b) and 10(c), respectively), which can potentially yield
dangerous situations. Also, precision was in most cases higher than
recall evaluation, suggesting a higher number of false negatives than
false positives. Typically, false alarms were detected when an actor
bends down and then lies down on the floor or bends down to grab
something. We can see from Fig. 10(a) that a fall event could be
detected by observing the sequence of angles defined above across
frames. The angle value decreases to reach 0◦ or increases to reach 180◦
when a person is falling. However, Fig. 10(b) illustrates a false positive
situation where the lying posture was detected as a fall since the angle
value is getting closer to 0◦ which may lead to triggering an alarm for a
’no fall’ event. Fig. 10(c) demonstrates a false negative situation where
the fall was miss-detected since the value of the angle was close to 90◦
even after the fall occurred. This kind of situation may put the falling
person in danger and deprive him from getting accurate assistance.
Vision-based FD, as a particular domain in the vision-based human
activity recognition area could also be influenced by the various issues
that may affect the effectiveness of these systems. Beddiar et al. [14],
and Ezatzadeh and Keyvanpour [47] presented an overview of many
limitations and challenges that we have to cope with to provide efficient and reliable human activity recognition and FD systems. Especially, occlusion and overlapping of different people present in the
monitored environment are among the major problems to FD systems,
since different objects or people may be placed between the camera
and the subject. To overcome this problem, researchers proposed to use
multiple cameras; although, this requires to put forward mechanisms
for reconciling the various views of the same subject. The field view
of the camera is another important issue in FD, because the subject

Fig. 10. Samples from the Le2i FD dataset representing (a) Changes of the angle values
across frames for a falling posture (b) False positive situation where a lying down posture
is detected as a fall (c) False negative situation where a falling posture is miss detected.

moves around and could be lost by the current camera view, and if a fall
occurred at that stage, then it will likely be miss-detected. Furthermore,
people do not like to be watched or recorded, so privacy and intimacy
issues are among other handicaps for use of such systems. Other challenges specific to FD are discussed in [47]. Gathering a large realistic,
multi-view dataset is still the main challenge which is not yet possible
due to privacy issues and rarity of occurrence of falls in monitored
scenes. Therefore, falls and daily living activities recorded in the mostly
used datasets were simulated by healthy adults and not by the elderly or
patients at risk of falling. Likewise many other state-of-the-art studies,
11

Journal of Visual Communication and Image Representation 82 (2022) 103407

D.R. Beddiar et al.

Declaration of competing interest

this is a crucial limitation of our current work since simulated data do
not accurately reflect real fall situations. For instance, geometry of the
body could be altered when trying to simulate a fall, which may affect
the performance of our proposed FD algorithm. Besides, our work and
most of the current systems are not able to distinguish between fall,
sudden sitting down, lying or crouching down as in sport activities for
instance. From a computational perspective, to be efficient enough, FD
systems should reduce the time it takes to alert caregivers to provide
immediate support to the elderly. So minimizing computational complexity when developing real-time systems is required to avoid serious
consequences of falling. Another aspect of interest to rehabilitation
community but not considered by our study is related to the type of
fall that has been identified. For instance, Putra et al. [48] divided falls
into a broader set of categories; namely, forward, backward, left-side,
right-side, blinded-forward, and blinded-backward. The direction the
individual takes whilst falling, the duration of the fall, prior activities
to the fall as well as the age and physical conditions of the individual
are all other important aspects to devise appropriate rehabilitation
strategy. Strictly speaking, our method was not designed to tackle
such rehabilitation challenges, but our algorithms could provide a
baseline to develop new methods to get better performance in future
developments. This also calls for appropriate large scale dataset if one
wants to take rehabilitation purpose in mind.
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