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Abstract— The number of falls among the elderly people 

increase each year and the lack of appropriate care and 

support leads to serious injuries that could also cost lives. 

Therefore, the elderly and the differently abled people 

require constant monitoring. It is too costly to hire a 

caretaker or move the person to a nursing home or to an 

elder care home. To minimize the risks faced by the person 

due to falls, to remind the person of their medication, to 

contact the guardian, if necessary, to alert the guardian 

when a fall is detected, and to provide company to the 

person, a robot is developed and implemented. The main 

objective of the project is to identify the primary and 

secondary activities of daily living that require assistance 

for the elderly and the differently abled, to implement 

human detection, tracking, and fall detection in the robot. 

Secondly, to design a robot that will assist the elderly and 

the differently abled in fulfilling a subset of activities of 

daily living, to optimize the robot for domestic purposes 

through software validation and verification, and finally to 

fabricate the designed robot. Human Detection, Following, 

and Fall Detection algorithms are implemented using 

Python with a Raspberry Pi 4 for processing. Pose 

estimation will be used to detect the human, build the logic 

for human following, and fall detection as well. The robot 

follows the elderly person from behind and detects any falls. 
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I. INTRODUCTION 

Falls are a significant problem for the elderly and those 

with special needs. The World Health Organization (WHO) 

reports that between 28% and 35% of those over 65 fall 

each year(Chin et al., 2020) and the number keeps rising as 

the population ages. For people 65 years of age and older, 

falls are now the leading cause of death (Guardian Camera 

AI, 2020). The elderly and those with disabilities now 

require specialized medical care, which is an economic 

burden due to the rise in fall incidents. Serious injuries and 

even death might result from inadequate assistance and 

treatment. 

 

An AARP (American Association of Retired Persons) 

survey (Tabbakha, Tan and Ooi, 2017) claims that 

approximately 90% of seniors over 65 want to live at home 

even though they require ongoing medical care or daily 

help. Seniors' emotional health benefits from continuing to 

live at home or in a familiar neighborhood. However, 

because of present-day circumstances, the elderly who 

should be receiving aid to live are always living alone 

because their guardians are out at work. 

 

Transferring the elderly person to a nursing home or elder 

care facility where social activities, health monitoring, and 

medication management are well-cared for, can readily 

alleviate this issue. However, it is too expensive for the 

majority of people, and it becomes even more challenging 

when older individuals refuse to leave their homes. As a 

result, the guardians who are away from home are worried 

about leaving the elderly at home alone(Tabbakha, Tan and 

Ooi, 2017). 

 

We have designed and built a robot to help the elderly and 

the differently abled to detect any falls while following  the 

person and immediately notify the guardian in order to 

reduce the risks of falls faced by the elderly. The robot will 

also remind the person to take their medication, help the 

person with very simple tasks such as providing them with 

water, and to lessen the worries of the guardian. 

 

For this use, a number of gadgets with a wide range of 

features and technological approaches have been 

developed. However, none of the robots have an assistive 

companion feature that helps the elderly and persons with 

disabilities with simple chores like reminding them to take 

their medication. As a result, we hope that our design will 

give the community a better choice while also adding 

variation to the existing ones. 

  

II. LITERATURE REVIEW 

Human following is said to be an aggregation of various 

research on relations between human and the robot (Itoh et 

al., 2006). The robots being developed these days are made 

autonomous by the use of various sensors such that it takes 

its own decisions and does not rely on human intervention. 

In order to create a robot that is capable of following a 

person, there are two fundamental robotic tasks that must 

be accomplished:  

(1) person tracking and localization – the robot must 

be able to identify the target person in the 

environment.  

(2) robot navigation – the robot must be able to follow 

the person appropriately (Honig et al., no date). 

 

According to (Pannurat, Thiemjarus and Nantajeewarawat, 

2017), a fall is defined as “an event which results in a 
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person coming to rest unintentionally on the ground or 

other lower level, not as a result of a major intrinsic event 

(such as a stroke) or overwhelming hazard”. It is mentioned 

in the paper (Yang, Ren and Zhang, 2016) that a fall usually 

takes place within 0.45s and 0.85s, and also the posture and 

shape of the person changes during a fall. These changes 

are especially important when detecting a fall. 

 

A vast number of recently developed fall detection systems 

operate based on a general framework, (Koshmak, Loutfi 

and Linden, 2016), that is, 

 

(1) Data acquisition. 

(2) Data processing/feature extraction. 

(3) Fall detection. 

(4) Caregiver Notification. 

 

A fall detection system can be classified into two categories: 

context-aware systems and wearable devices. Context-

aware systems use devices such as cameras, floor sensors, 

infrared sensors, microphones, Passive Infrared (PIR) 

sensors, and pressure sensors to detect falls. Their 

advantage is that a person is not required to wear any 

special equipment. Wearable device-based approaches rely 

on clothing with embedded sensors to detect the motion and 

location of the person.  

 

Vision-based systems can conduct inactivity detection and 

analyze the body shape changes or 3D head motion. They 

provide an unobtrusive way to monitor the person, and 

several studies have shown that vision-based systems have 

a relatively low rate of resulting in positive false alarms 

(Koshmak, Loutfi and Linden, 2016). 

 

(El-Bendary et al., 2013) mentions about research done on 

camera-based fall detection systems. They detected falls 

based on analyzing the aspect ratio of the moving object’s 

bounding box. This method is said to be very inaccurate, 

depending on the relative position of the camera and person. 

(Shoaib et al.)  

 

Computer vision-based fall detection systems hold a major 

advantage over wearable fall detection systems because the 

wearable devices can be a hindrance to daily activities of 

an elderly person. The acceptance of a wearable device by 

the elderly is very minimal (El-Bendary et al., 2013) and 

wearables have their limitations for massive usage and 

monitoring (neuralet, 2022).  

 

Computer vision-based fall detectors are categorized into 

two: analytical methods and machine learning methods. In 

analytical methods, initially certain types of features will 

be extracted from the vision/video data and afterwards 

these features will be analyzed for the determination of fall 

and non-fall activities.  

 

Human Pose Estimation (HPE) is a way to identify and 

classify the joints in the human body. HPE captures a set of 

coordinates for each joint called a key point, which is useful 

in describing the pose of a person. The aim of HPE is to 

form a skeleton-like representation of a human body and 

then process it further for task-specific applications 

(Human Pose Estimation: Deep Learning Approach [2022 

Guide], 2021). “Fall” is a sudden change in the posture of 

a person’s body, for instance, the posture of the body 

changing from standing (vertical) to a lying (horizontal) 

position. Therefore, pose estimation can be a very helpful 

technique to track and estimate the state of the body parts 

and use their changes to detect falls. (neuralet, 2022) has 

developed a fall detection system using Pose Estimation 

and Motion Detection.  

 

One of the major goals when building an assistive robot is 

to develop a robot that allows the most natural interaction 

between the user and the robot. Elderly people are not 

familiar with, and they find it difficult to interact through 

means such as keyboards and computer screens, therefore, 

the communication between the person and the robot 

should be something that the elderly person is familiar with. 

Therefore, spoken interaction with the robot is absolutely 

essential (Roy et al., 2000). 

 

Another research done by the National Institutes of Health 

found out that 67% of the elderly who fall and fail to seek 

help within 72 hours are unlikely to survive. Therefore, 

only being able to detect the fall is hopeless, the guardian, 

a nurse or a doctor should be notified of the fall 

immediately. There are manual emergency buttons that are 

often employed; however, this method is not practical since 

the elderly person might be unconscious, or the button 

might be out of reach of the person. Another system that is 

mentioned in (Kalinga et al., 2020) uses a GPS/GSM 

module to automatically send help requests to caregivers 

with the elder’s location.  

 

With the rapid increase in development of robots, 

lightweight construction and energy efficiency play a 

significant role as mobile, dynamic systems have to work 

self-sufficiently. Additionally, a robot should be energy 

efficient since the systems are working self-sufficient. The 

storage capacity is also limited. Weight reduction can be 

done by changing the design of the components, improved 

utilization of material by more exact knowledge of the 

loads, and by using composite materials which make a clear 

change in weight (Albers et al., 2007). 

 

Robot motion control enables a mobile robot to move 

through locomotion and steering. This controlled motion 

enables these complex tasks with whatever end effector is 

appropriate on the robot (Group, 2019). Locomotion is 

therefore fundamental for a robot’s movement through the 

working environment. Some indoor robots are designed to 

164



move, run, or walk in order to complete the assignments 

specified to them. Robots can be equipped with legs, 

wheels, or wings. It is proven that wheeled robots are the 

most efficient (Niloy et al., 2021). 

 

III. METHODOLOGY 

The block diagram shown in Figure 1 includes the basic 

functions of the robot with a laptop for processing. 

 

In this version of the robot, the laptop is used as the 

graphical processor. The objective of our project is to 

optimize the robot for domestic use. To fulfil this objective, 

we need to make sure that the robot is fabricated to be used 

by any person. The current version of the robot, with the 

laptop for processing is not optimized for domestic 

purposes. Therefore, another version of the robot with an 

NVIDIA Jetson Nano was proposed. Figure 2 shows the 

block diagram of the robot with an NVIDIA Jetson Nano 

for processing. 

 

An NVIDIA Jetson Nano has a 128-core Maxwell GPU at 

921 MHz (Jetson Nano vs Raspberry Pi 4: The Differences 

| All3DP, 2022). When in comparison to the Raspberry Pi 

4, the Jetson Nano has a much more powerful GPU, 

therefore, the processing can be done with the Jetson Nano 

alone. The version of the robot with the Jetson Nano for 

processing will be subjected as future work and the version 

with the laptop will be tested to obtain reliable results for 

observations. 

 

A. Human Following 

The logic implemented in our project for Human Following 

is a new concept which uses Pose Estimation in following 

the person from behind. The figure 3 shows the flow chart 

for Human Following: 

 

B. Fall Detection 

The figure 4 shows the flow diagram for the fall detection 

system. 

 

Vision-based fall detection systems can also be classified 

into two types: logical approach and machine learning 

approach. The logical/analytical approach involves 

detecting the fall according to logic. The logic depends on 

the pose of the person. According to the change in pose and 

the logic implemented, it will be predicted whether a fall is 

 

Figure 1: Block Diagram with Laptop for Processing 

 

Figure 2: Block Diagram with an NVIDIA Jetson Nano 

for Processing 

 

Figure 3: Flow Chart for Human Following 
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Figure 4: Flow Chart for Fall Detection 
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detected or not. The machine learning approach uses 

datasets, and the video capture is compared with the 

datasets to predict whether a fall is detected or not. 

In this paper, the logical approach is used for fall detection. 

No machine learning approaches have been implemented. 

 

C. Emergency Notification and Speech Assistant  

The logic implemented in the emergency notification is 

related to the logic implemented in detecting a fall. If all 

the conditions in the Fall Detection system are satisfied and 

if a fall is predicted, then the guardian is immediately 

notified about the fall through a Short Message Service 

(SMS) and a WhatsApp message simultaneously. The SIM 

800L GSM module is connected to the Arduino Uno, the 

Arduino sends a signal to the GSM module when a fall is 

detected, which then sends an SMS to the guardian. The 

WhatsApp message is sent through the Python algorithm. 

In order to send a WhatsApp message, the Python library 

pywhatkit should be installed. The python algorithm can be 

optimized to send a WhatsApp message to the guardian as 

soon as a fall is detected. 

 

D. Mechanical Structure and Locomotion 

The importance in the robot being lightweight is, if there is 

any sort of collision between the robot and the human, the 

injuries caused by a lightweight robot are null or minimal 

compared to those of a heavy weight robot. Therefore, by 

taking all those factors into consideration, we strived to 

build our robot with the minimum possible weight and by 

spending the least amount on materials. Figure 6 illustrates 

the modelled design of the robot. 

 

IV. 3-D DESIGN AND FABRICATION 

Due to the reduction of the weight of the robot from 10kg 

to 7kg, we were able to: reduce the torque required for the 

robot locomotion from 5kg/cm to 3.5kg/cm, reduce the 

wheel diameter from 83mm to 55mm, and lower the center 

of mass of the robot. Therefore, the stability of the robot is 

higher. The figure 7 shows the finalized 3D mechanical 

design. 

 

V. RESULTS AND DISCUSSION 

The main objective and purpose of the indoor human 

following robot is to follow the elderly person or the 

differently abled person closely from behind and to detect 

any falls and immediately contact their guardian.  

 

The main advantages that this robot has are: providing a 

sense of security to the guardian when the elderly or 

differently abled person is at home alone, reminding the 

person to consume their medicine, immediately contacts 

the guardian via an SMS text or WhatsApp message when 

a fall is detected, and the capability for the human to request 

for help from their guardian via the robot. The figure 

attached below is the robot after complete fabrication. 

 

 

Figure 5: Flow Chart of GUI 
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Figure 6: 3-D Modelled Design of the Robot 

 

Figure 7: Final Fabrication 
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Figure 8 shows the results of the robot’s human following. 

 

From the above results, it was found out that the overall 

accuracy of the human following component of the robot 

was above 85%.  

 

The measure above indicates that the left and right motions 

are more accurate and sensitive than the forward movement. 

The left and right movements are perpendicular to the 

camera's field of vision, which results in a larger variation 

in the centroid's x coordinate in the recorded video frame, 

which accounts for the difference in sensitivity. However, 

the forward movement is significantly less accurate than 

the two perpendicular motions because the reference 

distance between the shoulder landmarks, rather than the 

depth or z coordinate, is calculated when it is considered. 

 

Figure 9 shows the accuracies of the fall detection 

component of the robot. 

 

In figure 9, directions 1 to 8 represent the set of 8 cardinal 

and intercardinal directions starting from North clockwise. 

It was clear that the overall accuracy of the fall detection 

component of the robot was beyond 85%. Additionally, it 

was obvious that direction 3 (East) and direction 7 (West), 

which are perpendicular to the camera's field of vision, are 

more accurate than the other directions. The calculation of 

the torso line's angle is primarily responsible for this. Since 

the fall is simply in a two-dimensional plane when it is 

perpendicular to the camera's field of view, the angle 

calculation's accuracy is better, which improves the fall 

detection's precision. 

 

VI. CONCLUSION  

This study describes a robotic healthcare companion with 

indoor human following and fall detection capabilities for 

the elderly and those with disabilities. The robot was 

designed, fabricated, and tested successfully in the 

scheduled time scope. Materials were selected for the robot 

based on calculations and other factors such as force, 

stresses, and weight. At the end of the project, all the 

objectives were fulfilled. It was obvious from the results of 

both human following and fall detection that the system had 

85% for both human following accuracy and fall prediction 

accuracy across all eight directions.  

 

A. Future Works 

The future works include a few sets of improvements that 

can be done to the robot to improve its overall functionality. 

Obstacle detection and avoidance in the robot is one of the 

main improvements because the robot may find 

obstructions indoors while navigating through rooms. Use 

of a SIM 900L GSM/ GPRS shield enables the assistant to 

make calls and connect with the guardian. Creation of a 

more user-friendly Graphical User Interface (GUI) makes 

interactions with the robot more convenient. Further 

structural improvements – self positioning web camera to 

scan the surrounding for the human. 
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