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Human Fall Motion Prediction – A Review
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Abstract – In predicting human fall motion, focused 
on enhancing safety and quality of life for the elderly 
and individuals at risk of falls. By highlighting the 
critical role of Human Pose Estimation, advancements 
in human motion forecasting, and fall prediction. It 
explores the continuous efforts to improve fall 
detection systems using innovative technologies, such 
as wearable sensors and IoT devices to implement deep 
learning models and analyze human poses and 
gestures. Various methods show promise in accurately 
predicting human fall motion by capturing complex 
patterns and relationships in the data. For instance, 
self-attention mechanisms can revolutionize human 
motion prediction by effectively capturing these 
intricate patterns, leading to more accurate predictions. 
Future research directions should focus on enhancing 
model accuracy, exploring new techniques for 
capturing complex patterns, and enabling real-time 
implementation in wearable devices or smart 
environments. By addressing these areas, fall detection 
systems can be significantly improved, benefiting 
individuals and healthcare systems worldwide. 

Keywords—Human Fall Motion Prediction, Human 
Motion, Fall Detection System, IOT Devices, Wearable 
Sensors. 

I. INTRODUCTION 

Falling is an event that happens under some 
circumstances unintentionally in our daily life which 
can cause severe injuries or even death. Globally, it is 
estimated that as many as 646,000 people die each 
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year due to accidental falls, of which more than 80% 
occur in low- and middle-income countries [1]. The risk 
of falling is also experienced by the elderly, where falls 
in the elderly can cause morbidity, mortality, reduced 
function, and the potential need for early admission 
into nursing homes. This is particularly concerning 
given that in some studies, the proportion of patients 
who fell during hospitalization was as high as 12.2% 
with a total of 69 falls. The study evaluated the Morse 
Fall Scale (MFS) as a tool to assess the risk of falls in 
hospitalized patients, particularly in a Swiss hospital 
setting. The MFS was tested across various patient 
populations, and its effectiveness was measured using 
different cut-off scores. The study found that a cut-off 
score of 55 points was optimal, providing a balance 
between sensitivity and specificity, with an accuracy of 
66.8%. However, the study also highlighted limitations, 
such as high false positive rates, which suggests that 
while the MFS is a useful tool, it may require further 
validation in different clinical settings. The paragraph 
concludes by emphasizing the importance of a real-
time prevention system to accurately assess and 
prevent falls through continuous monitoring of patient 
behavior and motions, enabling early intervention and 
potentially reducing the incidence of falls [2]. 

The prevention system can prevent falling and 
reduce unwanted accidents. By realizing the human 
falling prediction system to predict the falling human 
motion, we could send mechanical tools such as 
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airbags to prevent severe collisions before the event 
and reduce the death rate caused by falling.  

Several techniques to detect human falling down 
event such as utilizing accelerometer sensor and 
gyroscope to K-Nearest Neighbors algorithm and 
Decision Tree for deciding the states [3]. However, this 
sensor-embedded system is impractical since it must 
be attached to the human body. Other studies used 
research on an image-based fall detection system 
where they developed image-based fall detection to 
detect falls while walking, forward, sitting, and 
standing. The research used YOLOv3 for data 
preprocessing, posture detection, and fall detection 
with the Image-based Fall Detection System (IFADS) 
[4]. The system uses the surveillance camera's input 
and recognizes humans by pose using pose estimation 
techniques. Then deep learning method is employed 
to decide the states. These techniques highly depend 
on the accuracy of human pose estimation which leads 
the system to be vulnerable.   Although, Human Pose 
Estimation (HPE) has been extensively studied in 
computer vision literature, involves estimating the 
configuration of human body parts from input data 
captured by sensors, specifically images and videos 
[5]. HPE methods trained on existing standard 
datasets may not generalize well across different 
domains. The recent trend to alleviate the domain gap 
is utilizing GAN-based learning approaches. 
Nevertheless, how to effectively transfer the human 
pose knowledge to bridge domain gaps remains 
unaddressed [5].  However, these techniques have 
some advantages in utility, practicality, and future 
development utilization.  

II. LITERATURE REVIEW 

A. Human Pose Estimation (HPE) 

Methods for identifying the 2D or 3D motion of the 
human body in frames are gaining popularity due to 
their necessity in completing tracking automation. Most 
of the methods created for human motion analysis 
utilize models, such as volumetric, planar, or kinematic 
models, to identify different human body parts in 
provided images [6].  

You Only Look Once (YOLO) is a cutting-edge 
object detection software that has been popular in 
recent years and is known for its efficiency and 
accuracy in detecting objects in images or videos  
[7].YOLO's approach of processing the entire image in 
a single pass through a convolutional neural network 
allows for real-time object detection. One of the main 
advantages of YOLO is its user-friendly interface, 
making it accessible to developers and researchers 
with different levels of expertise. The software's high 
object detection precision has made it the tool of 
choice for tasks such as surveillance, autonomous 
vehicles, and image analysis [4].  

On the other hand, OpenPose as a human pose 
estimation method offers an open-source system used 
for real-time human pose detection developed by 
Carnegie Mellon University (CMU) based on object 
detection precision has made it the tool of choice for 
tasks such as surveillance, autonomous vehicles, and 
image [8].Now future development utilization based on 
human pose estimation could lead to predicting the 

long-term human body motion ahead consecutively. A 
study of human motion forecasting obtained a good 
prediction with 64.7 mm by mean per joint position 
error [9]. Thus this technique opens the possibility of 
falling down human motion forecasting. Some 
techniques and methods are applicable to that are 
described in Section 2. 

As we can see the  YOLO-Pose approach 
combines object detection and pose estimation 
forecasting as demonstrated in a study where they 
used the YOLO-Pose approach, which integrates the 
YOLOv5 framework for object detection with a novel 
heatmap-free method for 2D multi-person pose 
estimation [10]. Similarly, a study utilized the YOLO-
Pose approach for object detection [11]. The difference 
is that the study used YOLOv3 for human body 
detection. Additionally, research on real-time detection 
of safety harnesses used YOLO-Pose for its object 
detection, whereas it used the YOLOv5 algorithm to 
enhance object detection by adding focus structure 
and adaptive image scaling, and OpenPose for its 
human posture estimation [12].  

The YOLO-Pose approach efficiently merges 
object detection with precise human pose estimation. 
YOLO’s ability to process images rapidly and 
accurately in real-time complements Open Pose's 
capability to track human body parts, including faces, 
limbs, and fingers, in a variety of scenarios. This 
combination represents a promising direction in 
computer vision, providing a versatile and robust 
framework for a wide range of applications that require 
both object detection and human pose estimation. 
Convolutional Neural Network (CNN) [13]. OpenPose 
is mostly used for skeleton sequence extraction. This 
model can realize the tracking of human faces, limbs, 
and even fingers. OpenPose contributed as one of the 
baseline pose estimation methods for detecting a 
single person and also for multiple people at once [14].  

A research utilized HPE techniques to forecast 
human locomotion in an egocentric view by 
disentangling pedestrian dynamics into global and 
local components [15]. HPE can also be utilized to 
develop an end-to-end trainable approach for diverse 
and controllable human motion predictions, where the 
accuracy of human pose allows for the generation of 
realistic and diverse future poses [16]. Additionally, 
HPE can be integrated with self-localization within a 3D 
scene using wearable sensors, leading to the 
development of the Human Positioning System (HPS) 
[17]. This system estimates human motion prediction 
while localizing the person within a pre-scanned large 
3D scene using wearable sensors.  

Furthermore, HPE has been utilized to advance 
action recognition, and human pose estimation 
through benchmarking state-of-the-art methods on the 
IKEA ASM dataset. This enables accurate tracking and 
understanding of human movements during tasks like 
furniture assembly [18]. 

These studies demonstrate HPE's crucial role in 
various applications related to human pose estimation 
analysis. HPE has significantly advanced action 
recognition, and human motion forecasting tasks, as 
the accuracy and versatility of HPE make it a valuable 
tool for understanding and analyzing human 
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movements in diverse scenarios. By providing precise 
and versatile tracking capabilities, HPE methods 
contribute to the development of more effective 
systems for predicting and preventing falls, thereby 
enhancing safety and quality of life. 

B. Human Motion Prediction 

Human motion prediction involves predicting future 
movements based on current or past actions by 
analyzing human poses and gestures captured in 
video data. This predictive capability is crucial in 
applications such as fall detection, where anticipating 
and detecting instances where a person is likely to fall 
based on their movements and posture can prevent 
injuries. 

Human motion prediction enables biometric 
identification through the analysis of distinct gait 
patterns, providing a secure method for individual 
authentication. Additionally, the ability to predict 
human motion facilitates the generation of lifelike 
gestures, which can be valuable in virtual reality, 
animation, and human-robot interaction applications. 
Moreover, in the realm of healthcare, human motion 
prediction aids in designing personalized rehabilitation 
programs tailored to patients with movement 
disorders, ultimately enhancing their motor skills and 
overall quality of life [19]. Implementing motion 
prediction models in healthcare can enhance patient 
care, improve treatment outcomes, and optimize 
rehabilitation processes by leveraging technology to 
analyze and predict human movements effectively 
[20].  

Several studies illustrate the application of human 
motion prediction. A study proposes an approach for 
human motion prediction that utilizes a Skeleton-joint 
Co-Attention mechanism to capture spatial coherence 
and temporal evolution, which identify unstable or 
unusual movements indicative of a falling state [21]. 
Another study utilizes convolution-based networks with 
the High-Resolution Spatio-Temporal Attention 
Network (HR-STAN) architecture and attention 
modules to improve long-term predictions, which is 
relevant for monitoring movements overextended [21]. 
Integrating self-attention mechanisms, such as the T-
transformer module, to capture long-range 
dependencies in human motion sequences that had 
been done by, are effective in modeling temporal 
dependencies in sequential data, making them 
suitable for predicting based on historical motion 
patterns [22]. Furthermore, unsupervised learning 
techniques for human motion prediction also contribute 
to fall detection. A study has focused on unsupervised 
action representation learning, enabling models to 
learn motion representation from unlabeled data. This 
enhances the understanding of human motion for 
action recognition [23]. 

Human motion prediction is a pivotal technology 
that extends its benefits across various domains, with 
significant implications for fall detection. By analyzing 
human poses and gestures captured in video data, this 
potential can effectively anticipate and detect falls. The 
integration of advanced techniques such as CNNs, 
RNNs, and unsupervised learning enhances the ability 
to capture complex motion patterns, improving the 
accuracy and reliability of fall detection systems. As 

research and technological advancements continue, 
the applications of human motion prediction are 
expected to further enhance safety, improve 
healthcare outcomes, and provide much valuable 
insights for diverse applications, that ultimately will 
benefit many individuals. 

C. Human Fall Motion Prediction 

Human motion forecasting involves predicting the 
future movements of a person based on their current 
or past actions, achieved through analysis of human 
poses and gestures captured in video data.  

This knowledge is valuable in various applications, 
one of them is fall detection. Predicting human fall 
motion involves anticipating and detecting instances 
where a person is likely to fall based on their 
movements and posture. Human Fall Motion 
Prediction focuses on preventing injuries by analyzing 
body poses and acceleration patterns in human 
motion data [24]. A study developed the Human Torso 
Motion Model (HTMM), where the model will compare 
the changing rates of torso angle and centroid height 
with specific thresholds to determine if a fall has 
occurred. This method was found to be highly 
accurate in discriminating falls when compared to 
other fall detection approaches [25].  

In the healthcare fields predicting the fall motion 
can help by implementing proactive measures, to 
ensure timely assistance and reduce the risk of 
serious consequences. One study centers on 
developing a smart fall detection mechanism for 
healthcare by utilizing a fuzzy adaptive thresholds 
algorithm with a triaxial accelerometer in a smartwatch 
for fall detection and indoor positioning, which aims to 
improve the quality of life for the aging population 
while reducing labor costs and resource consumption 
[26].  Another study aimed to develop a cost-effective 
fall-detection system for the elderly, using a 
Pyroelectric Infrared (PIR) sensor to collect data on 
normal and falling events for detecting the elderly [27]. 
In a different approach, a study proposed developing 
a Fall Detection System based on the Internet of 
Things (IoT) using accelerometer and gyroscope 
sensors to classify various activities, including falling 
[3]. Another approach focused on a sensor-based fall 
detection system using deep learning models, utilizing 
wearable sensor data for daily activities and fall 
behavior [3]. Furthermore, developed a fall detection 
system that used multiple sensors on different body 
locations and integrated eXplainable Artificial 
Intelligence (XAI) for model interpretability [28]. 

Several methods have been explored for fall 
human detection, with various approaches to the 
subject. For instance, developed a fall detection 
method using dual-channel feature integration, 
defining falling-state and fallen-state perspectives, 
and implementing a dual-channel sliding window 
model for feature extraction [29]. Another study 
utilized a 360-degree camera to develop a fall 
detection system, addressing limitations of field of 
view in existing solutions [30]. The research by 
utilizing a human model for body posture recognition, 
and height changes to detect fall motion [4]. A study 
that employs the Motion History Image and C-Motion 
method to quantify motion, distinguishing between 



Vol 6 No 2 (2024)  E-ISSN: 2682-860X 

55 
 

normal and unusual activities to develop a human fall 
detection system using video surveillance [31] 
Research of fall detection using skeleton trajectories 
and positive semidefinite matrices to analyze fall 
events done by employing the Dynamic Time Warping 
(DTW) algorithm which predicts fall motion based on 
similarity scores between sequences [32]. 

Advancements in human motion forecasting and 
fall motion prediction are vital for enhancing safety and 
quality of life, particularly for the elderly and those at 
risk of falls. The variety of approaches and techniques 
discussed in the research demonstrates the 
continuous effort to improve fall detection systems, 
utilizing innovative technologies such as wearable 
sensors, IoT devices, and deep learning models. As 
study in this field progresses, it is likely to lead to 
further improvements in fall detection systems, 
ultimately benefiting individuals and healthcare 
systems worldwide. 

 

III. PROSPECTIVE METHOD  

A. Kalman Filter 

Kalman Filter (KF), also known as Linear Quadratic 
Estimation, predicts the future state of a system based 
on previous data and the current state. KF is 
expressed by an equation, but it is separated into two 
steps including prediction and update. In the prediction 
step, estimates are obtained for the current state by 
utilizing a series of state estimates at previous 
intervals. These predicted estimates are prior 
knowledge related to the previous estimates and there 
are no observations for that system at the current state. 
In the update step, previous estimates are blended 
with current observations to present an estimate of the 
current and subsequent state settings of the system. 
These steps are usually repeated alternately, i.e., 
predictions are made until the next observation, and 
then updates are made using the current observation. 
If there are no observations in an interval, multiple 
prediction updates will be performed until the next 
observation. Similarly, if several independent 
observations are made periodically, several updates 
with different matrices will be obtained based on each 
observation [33]. 

One study on fall detection used KF to preprocess 
raw data from MEMS-based inertial sensors. This 
process helps reduce noise in tri-axial accelerations 
and angular velocities, thereby improving the accuracy 
of monitoring falls and daily activities. By enhancing 
the data quality, KF contributes significantly to the 
system’s ability to distinguish between falls and normal 
activities with high precision [30] Another study utilized 
the Kalman Filter for human motion prediction, which it 
reduced noise and uncertainty in measurements, 
making it a valuable tool for enhancing the accuracy of 
human motion prediction algorithms [34]. 

The approach of KF for predicting the future state 
based on past data and current observations makes it 
a powerful tool for human fall detection. The iterative 
process of the KF enables continual refinement of its 
predictions, resulting in more accurate and reliable 
estimates of the system’s current and future states. 
KF's precise and reliable state estimation capabilities 

enable the development of advanced fall detection 
systems that can significantly improve the safety and 
quality of life for individuals at risk of falls. 

 

B. Recurrent Neural Network (RNN) 

Recurrent Neural Network is a class of neural 
networks where the connections in the units create a 
shared structure with temporal order. RNNs have an 
internal memory to process a series of input data. The 
computational units in RNN have time-varying real-
valued activations and adjustable weights. RNNs are 
created by recursively applying equal weights on a 
graph-like structure. The learned model in RNN has 
the right input size since it transitions from one state to 
another [34]. Long Short-Term Memory (LSTM) can be 
stored based on the RNN's internal memory that stores 
weights and computation data. However, RNNs cannot 
retain such a set of data in the long term for prediction. 
Here, LSTM acts as an extended form of RNN, which 
contains additional memory based on structure. 
Hochreiter and Schmidhuber invented the LSTM in 
1997, which works and can handle signals mixed with 
low and high-frequency components [34].  

The RNN algorithm is widely used for detecting 
human motion prediction, as demonstrated which 
utilized RNNs to process acceleration measurements 
and detect falls based on temporal patterns in the data 
[24]. A study that has been done, used an LSTM-based 
sequence model, which is a type of RNN algorithm, for 
fall detection, leveraging data from five different 
sensors [28]. Similarly, a study also used LSTM 
network architecture and Bidirectional LSTM to 
address the vanishing gradient issue in long-term 
dependency learning for their fall detection model [28]. 
Other studies also use the RNN algorithm, such as 
Bidirectional RNN and LSTM, to model skeleton data 
as a time sequence to capture temporal dependencies 
between consecutive frames. Furthermore, an 
attention-enhanced graph convolutional LSTM 
network was employed for skeleton-based action 
recognition from a study [23].  

RNNs represent a significant advancement in 
neural network architecture, enabling the modeling of 
temporal dependencies in sequential data. RNNs, 
characterized by their internal memory and ability to 
process the input data in a series, have found 
extensive use in various applications, including human 
motion prediction and fall detection. The LSTM 
networks have also further enhanced RNN 
capabilities, allowing for the retention of important 
information over long time intervals. Studies have 
shown that LSTM-based models, including variants 
like Bidirectional LSTM and attention-enhanced graph 
convolutional LSTM networks, excel in capturing 
complex temporal patterns, making them valuable 
tools for tasks requiring sophisticated sequential data 
analysis. The RNNs and LSTM can model the temporal 
dependencies in these sequences of poses, predicting 
potential falls by analyzing patterns over time. 

C. Self-Attention 

The self-attention mechanism within the 
transformer model is a mechanism that connects 
different positions in a single sequence to compute the 
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representation of that sequence. In computer vision, 
the attention mechanism models can be classified into 
soft attention and hard attention. Soft attention has 
been used in various computer vision fields such as 
classification, detection, segmentation, modeling, and 
video processing. Some categories of the soft 
attention mechanism include spatial attention, 
channel attention, mixed attention, and self-attention. 
Self-attention is a mechanism that allows each pixel in 
the feature map to be considered a random variable, 
and the pixel's predicted value can be enhanced or 
diminished based on its similarity to other pixels in the 
image. 

Currently, no research uses self-attention 
mechanisms for fall motion prediction, but there are 
several research that use self-attention mechanisms 
for human motion prediction. One such study aimed to 
maintain both high and low-resolution features in 
human motion prediction to preserve motion details 
while allowing the network to focus on large-scale 
features simultaneously. They developed a method for 
3D human motion prediction using the high-resolution 
spatiotemporal attention network (HR-STAN), which 
combines spatiotemporal convolution (STConv) and 
spatiotemporal attention to efficiently capture spatial-
temporal dependencies, resulting in highly accurate 
short-term motion predictions [35].  

Another study proposed an enhancement to 
human motion prediction based on fusion strategies, 
where current prediction frames can be combined with 
previous frames to minimize prediction errors 
effectively and improve prediction continuity. They 
developed the spatiotemporal transformer graph 
convolutional network (STTG-Net) to minimize 
prediction errors and enhance prediction sequence 
smoothness, thus reducing the problem of error 
accumulation in prediction [22]. Additionally, 
researchers aimed to address the limitations of 
conventional encoder models by focusing more on 
previous motion information that better reflects the 
current motion context. They developed an attention-
based motion prediction method that dynamically 
adapts to previous motion with the current context. 
This approach utilized a Graph Convolutional Network 
to learn spatial and temporal dependencies in human 
motion data, a Motion Attention Model to find similar 
sub-sequences from the past, and a Discrete Cosine 
Transform-based representation to accurately extract 
motion patterns from historical data [20].  

Lastly, another study employed an end-to-end 
approach for human motion prediction, allowing the 
system to predict various motions without the need for 
multiple mappings to achieve motion diversity. They 
developed a unified framework for human motion 
prediction to achieve diversity and controlled human 
motion predictions [16]. 

Self-attention mechanisms play a crucial role in 
connecting different positions in a sequence, enabling 
the computation of sequence representation. While 
self-attention has not been directly applied to human 
fall prediction, it has been extensively utilized in 
several human motion prediction research that 
demonstrated the effectiveness of self-attention in 
capturing spatial-temporal dependencies and 
enhancing prediction accuracy. These advancements 

in human motion prediction could potentially be 
applied to fall detection systems. 

 

IV. CONCLUSION  

Studies have been conducted to realize the system 
for securing people from unexpected accidents and 
severe injuries by performing the human pose 
estimation, predicting the falling and fallen state, 
predicting the human movement, as well as predicting 
the falling by using sensors. A system that predicts the 
falling state by attaching the sensor to the human body 
is one of the best options to realize. However, the real-
life implementation is not cost-effective and 
impractical. Another option is to utilize the camera and 
computer vision for detecting the fallen state. However, 
the device can only detect the state without a 
prevention system before the collision happens. Thus, 
human motion prediction takes part as the main 
technique to be utilized in the prevention system. 
Combining human motion prediction and falling down 
detection on one model can advance the 
implementation of the safety surveillance system to 
prevent falling and severe accidents. Novel method is 
required to be developed to process the video input 
and expect the future motion with falling detection 
output which can be the combination of RNN-based 
method, Self-Attention-based method, or 
unsupervised learning-based method such as Kalman 
Filter. 

Human fall motion prediction and the significant 
advancements in human motion analysis and 
prediction can contribute to the development of human 
motion prediction technology. As research in this field 
continues to evolve, it is expected will lead to more 
reliable and effective systems for preventing falls and 
enhancing the overall well-being of individuals. 

The future directions in human fall Motion 
Prediction will aim to enhance the model accuracy by 
exploring new techniques for capturing complex 
patterns in data, enabling real-time implementation in 
wearable devices or smart environments. By 
integrating self-attention-based models with other 
technologies like IoT sensors and AI algorithms, it can 
create a more robust fall detection system. 
Advancements in HPE technologies will further 
improve its accuracy and versatility, while validation 
studies and clinical trials will evaluate system 
effectiveness in real-world settings. Developing user-
friendly interfaces, addressing concerns, and 
exploring cross-domain applications will also be 
crucial. Additionally, long-term monitoring methods 
and education programs for healthcare professionals 
and caregivers will ensure effective implementation 
and utilization of these systems, ultimately improving 
safety and quality of life for individuals at risk of falls. 
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