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Abstract: This study aims to propose and implement a Fall Detection System (FDS) for the 

Elderly Activity Daily Living (ADL) based on the modified two-dimensional (2D) Light 

Detection and Ranging (LiDAR) method, inspired by slice feature on three-dimensional (3D) 

LiDAR data. LiDAR-based FDS is an ambient-based FDS that utilizes infrared laser light. This 

work is an improvement from our previous proposed method, namely FDS based on 2D 

LiDAR data. Previous work presents a research gap analysis of falling and not falling classes 

based only on footprint-scanned data. Therefore, detecting other essential fall activities is 

impossible, such as falling forward, backward, sideward, and others. The main points carried 

out in this paper are the design and realization of modified 2D LiDAR, primary dataset 

collection, an accuracy test using K-Nearest Neighbors (K-NN), Random Forest (RF), as well 

as Support Vector Machine (SVM) algorithms. This work is comparable to the previous work 

that uses Infrared Array-based FDS. The test results in this paper prove that the modified 2D 

LiDAR has better performance than the previous study, especially in terms of sensitivity and 

selectivity performance parameters. The test results show that FDS achieves optimal 

performance using the RF algorithm with 98.89% sensitivity and 99.38% selectivity. This 

percentage value is superior to the previous study, with 98% sensitivity and 93% selectivity. In 

addition, the results show that the modified 2D LiDAR is feasible to be used as an ambient-

based FDS solution.   

 

Keywords: Fall Detection System, Ambient-based, Elderly, 2D LiDAR, 3D LiDAR Slice 
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1. Introduction 

For the elderly, the older they get, the higher the risk of death due to falls [1]. Many elderly 

live alone at home while other family members are busy working. On the other hand, the 

elderly need direct and indirect technology-based supervision. Regarding technology-based 

indirect surveillance, FDS (Fall Detection System) has recently been developed to detect falls 

and transmit information to elderly families [2]. FDS has grown and become one of the 

implementations of the Internet of Things (IoT) [2-5] which is helpful for humanity. 

FDS is classified into three sensor types: camera-based, wearable-based, and ambient-based 

[6]. In ambient-based FDS, various sensors are deployed, such as ultrasonic, motion, sound, 

and radar, to detect falling incidents in a room [7], [8]. It has been proposed using Infrared 

Radiation Change (IRC), a technique to detect the presence or activity of humans by utilizing 

differences in the intensity of infrared radiation emitted by humans [9]. The consequence of 
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using this technique is that detecting a fall incident requires at least four sensors with a 

complicated localization process. 

For this reason, our previous study [10] proposes LiDAR (Light Detection and Ranging), 

especially 2D LiDAR (Two Dimensional LiDAR), as the primary sensor due to its capability in 

360-degree scanning, and it does not require complicated localization. However, this previous

work presents a gap in classifying FDS data, which is limited only to the footprint area of data

scanning. Meanwhile, to analyze several fall activities such as fall forward, backward,

sideward, and others, it is necessary for 2D LiDAR to scan body areas. Thus, in this study, 2D

LiDAR is modified. Overall, the four steps of this study are:

1) Modification design of 2D LiDAR;

2) Primary dataset collection process;

3) Test the accuracy of fall incident detection using Machine Learning (ML) algorithms

4) Comparison with previous research, namely FDS based on Infrared Array [9].

Furthermore, the detail of previous research will be discussed in Section 2. The design and

realization of the modified 2D LiDAR and the collection of a primary dataset will be discussed 

in Section 3. The accuracy test of fall incident detection using Machine Learning and its 

comparison to the previous research will be discussed in Section 4, while the final discussion 

of the conclusion is in Section 5. 

2. IRC Based Fall Detection System in Previous Research

The working principle of FDS in the research proposed by Guan et al. [9] is to deploy

several sensors to detect human activity. The sensor used is PIR (Pyroelectric Infrared), which 

can capture infrared light emitted by humans with a 5 to 14-micrometer wavelength. Figure 1 

shows the concept adopted by Guan et al. The proposed model includes an object, radiation, 

and planned measurement space. 

Figure 1. IRC-Based Fall Detection System in Previous Research 

Human movement produces unique sensor data in each of its activities and actions. This 

study involved volunteers in demonstrating several activities, such as falling, walking, 

squatting, walking, running, and sitting, and resulted in a good fall detection performance, 

especially sensitivity parameters. In detecting human activities, especially the x-axis, 

performance parameters, especially sensitivity, reach up to 90% when using the SVM (Support 

Vector Machine) algorithm and 70% when using the K-NN (K-Nearest Neighbors) algorithm. 

Referring to the overall results from the calculation of the confusion matrix, the sensitivity 

score is 98%, and the specificity is 93%. These results are compared to our proposed method in 

the final discussion. 

3. Proposed Fall Detection System

This section discusses the initial research proposal related to 2D-modified LiDAR for FDS.

Specifically, this session discusses the design and realization of modified 2D LiDAR and the 

collection of a primary dataset. 
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A. 2D LiDAR Modification Design 

This section discusses the initial research proposal related to 2D-modified LiDAR for FDS. 

Specifically, this session discusses the design and realization of modified 2D LiDAR and the 

collection of a primary dataset. 

 

A.1. LiDAR Implementation for Fall Detection 

 LiDAR is an optical-based scanning technology to obtain distance information from an 

object [11]. In general, LiDAR is widely applied for navigation, such as in autonomous mobile 

robots [11-13], unmanned aerial vehicles [14], autonomous vehicles [15], [16], and 

autonomous guide vehicles [17], which have various detection objects. Thus, it will be 

beneficial if LiDAR is also implemented for FDS with less complex objects, namely humans, 

in an indoor environment. Simply speaking, the modified 2D LiDAR specific for FDS cases is 

the main contribution of this study. 

 

A.2. Modification Design of 2D LiDAR 

 Two types of LiDAR are 2D LiDAR (Two-Dimensional Light Detection and Ranging) and 

3D LiDAR (Three-Dimensional Light Detection and Ranging). 3D LiDAR has advantages over 

2D LiDAR, namely the ability to scan at the azimuth and elevation angle. Meanwhile, 2D 

LiDAR can only do scanning at the azimuth angle. However, 3D LiDAR is at a disadvantage 

due to its high price [18]. 

 In previous studies, mechanical modifications have been made so that 2D LiDAR can scan 

at the elevation angle using servo motor drives [18-19]. For LiDAR-based FDS to be built at a 

low cost, the primary sensor used in this study is modified 2D LiDAR, especially Slamtech RP 

LiDAR A1 M8, which has been modified. This product is a low-cost 2D LiDAR. 

 

A.3. 2D LiDAR Physical Modification 

 Mechanical frame modification is required to enable 2D LiDAR scanning at an elevation 

angle. In previous studies, mechanical changes of LiDAR have been carried out so that it can 

scan at the elevation angle using servo motor drives [18-19]. Referring to the previous research, 

the servo motor is a mechanical solution for setting the elevation angle on 2D LiDAR. 

Technically, LiDAR elevation angle adjustment can be made by adjusting PWM (Pulse Width 

Modulation) on the servo motor. Figure 2 shows the realization of the 2D LiDAR modification. 

 
Figure 2. Realization Modification of 2D LiDAR Modification 

 

A.4. Elevation Scanning 

 In this study, scanning at the elevation angle was limited to a rise of 0°, 10°, 20°, 30°, 40°, 

50°, and 60°. At an angle >60°, it does not have important data because it is certain that the 

object scanned is the room’s ceiling. Figure 3 shows the LiDAR configuration illustration, 

specifically on object scanning at the elevation angle. 
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Figure 3. LiDAR Configuration at Elevation Angle 

 

B. Primary Dataset Collection Process 

 Several steps must be taken to obtain the primary dataset, beginning with environmental 

scenarios, volunteering scenarios, and selecting sensor data to be used as a dataset. 

 

B.1. Environmental Scenario 

In the environmental scenario, a living room with 3 meters, a width of 3 meters, and a 

height of 3 meters, complete with furniture, were chosen as a test room. In order not to 

interfere with the activities of the elderly, LiDAR is installed on the edge of one side of the 

room wall. Thus, the sensor's scanning angle is assumed to be 180 degrees, even though the 

sensor can detect 360 degrees. Figure 4a shows the specifications of the test room. LiDAR is 

placed at the height of 10 cm from the floor surface to the “sensor's eye,” as shown in Figure 

4b. 

 

 
Figure 4a. Room Scenario Illustration 

 

 
Figure 4b. LiDAR Placement 
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B.2. Volunteers Scenario 

 In this study, ten volunteers demonstrated various ADL and Fall activities, with height 

specifications between 160 to 180 cm and weight specifications between 55 to 85 kg. 

Volunteers consisted of seven men and three women. 

 

B.3. Modified 2D LiDAR Data Outcome 

 Modified 2D LiDAR produces two types of data that have the potential to be used as a 

primary dataset, including 1) The 360° scanned data is in numerical form and technically is a 

file with the CSV (Comma Separated Value) extension that is used as the primary dataset, and 

2) The 360° scanned data is also in the form of the point cloud that is only used as additional 

information when the sensor detects the presence of volunteers and is not used as a primary 

dataset. Our Primary Dataset Information can be seen in Table 1. 

 

Table 1. Primary Dataset Information 

Information Detail 

File Type Comma Separated Values (CSV) 

Volunteers 

Profile 

 Ten people aged 20 to 35 years old 

 Height ranged from 160 to 180 cm. 

 Weight ranged from 55 to 85 kg. 

 Seven men and three women 

Total Data  180 records (9 activities  20) 

Classes ADL and Fall 

ADL Class 
An empty room, sitting, standing, picking 

up an object. 

Fall Class 
Fall forward using hands, fall forward using 

knees, sideward, backward, and lying down. 

 

 The dataset used in this study is a primary dataset directly obtained from LiDAR in a CSV 

file. Data acquisition during LiDAR scanning setup at an azimuth angle of 0° to 359° and the 

elevation angle of 0°, 10°, 20°, 30°, 40°, 50°, and 60°. Only data on the azimuth angle of 0° to 

180° are used in the feature selection process. This is because LiDAR is placed on one side of 

the room wall (Figure 5a), so only data at 0° to 180° azimuth angle can describe the condition 

of the room. 

 Volunteers demonstrate several human activities, both fall activities and ADL (Activity 

Daily of Living). Activities presented by volunteers refer to previous research [11]. Each 

activity was demonstrated 20 times. Thus, 180 rows of data records were obtained (20 

volunteers × nine activities). Each data record contains 181 distance information from azimuth 

angle (0° to 180°) and seven elevation angles (0°, 10°, 20°, 30°, 40°, 50°, and 60°). So, in one 

data record, there is 1267 distance information in millimeter units. All Activities Performed by 

Volunteers to gain all data can be seen in Table 2. 

 

 Table 2. All Activities Performed by Volunteers 

 

 

 

 

 

 

 

 

 

 

Volunteer Activities 

ADL 

Empty Room 

Standing 

Sitting 

Picking up an object 

Fall 

Fall forward using hands 

Fall forward using knees 

Fall backward 

Fall sideward 

Lying down 

Fall Detection System for Elderly Activity Daily Living 

295



 

 

 This study uses the point cloud as additional information on how modified 2D LiDAR 

detects objects. There are different data captured on each elevation angle tested in this 

experiment. To compare all object caught status, we run the modified 2D LiDAR and capture 

point cloud data on each elevation angle. The elevation angle object detected rate by point 

cloud data on modified 2D LiDAR based on volunteer activities can be seen in Table 3. 

 

Table 3. Elevation Angle Object Detected Status by Point Cloud Data on Modified 2D LiDAR-

based on Volunteer Activities 

Volunteer 

Activities 

Elevation Angle Object Detected Status by Point Cloud 

Data on Modified 2D LiDAR 

0° 10° 20° 30° 40° 50° 60° 

Empty Room × × × × × × × 

Standing ✓ ✓ ✓ ✓ ✓ ✓ × 

Sitting ✓ ✓ ✓ × × × × 

Picking up 

an object 
✓ ✓ ✓ ✓ × × × 

Fall forward 

using hands 
✓ ✓ ✓ × × × × 

Fall forward 

using knees 
✓ ✓ × × × × × 

Fall backward ✓ ✓ ✓ × × × × 

Fall sideward ✓ ✓ ✓ × × × × 

Lying down ✓ × × × × × × 

 

Note: 

✓ : Object Detected 

× : No Object Detected 

 

B.4. Adapted 3D LiDAR Slice Feature 

 The distance measured in 2D LiDAR can be used to determine the x and y coordinates so 

that the location of each point on a 2-dimensional Cartesian plane can be known. As in 2D 

LiDAR, the distance measured in 3D LiDAR can also be used to determine the location of each 

point represented in x, y, and z coordinates. Determination of coordinates based on the distance 

measured in LiDAR can be determined using trigonometric equations [20]. 

 The data structured by modified 2D LiDAR in this study, an environmental representation 

that resembles the data points of 3D LiDAR, is obtained. With the elevation angle on modified 

2D LiDAR, several layers of distance data obtained from 2D LiDAR can be obtained. So, the 

coordinates of each point form not only a 2D space (x and y) but also a 3D (x, y, and z) 

because there is a 2D layer at each specified elevation angle.  

 The point collection data in each layer is similar to the coordinate data for each point 

obtained from 3D LiDAR. It is said that because it can be done by extracting slice features on 

3D LiDAR point cloud data, point coordinates are obtained in 2D cartesian space at each layer 

of 3D LiDAR. The technique in the previous study was initiated to detect false positives from 

pedestrian objects reconstructed with a 3D LiDAR point cloud [21]. Thus, the formation of the 

layered slice is applied in this study by applying the elevation angle to the modified 2D 

LiDAR. For comparison, point cloud data representing people in a “Standing” position from 

the KITTI dataset was used in this study [22]. The visualization of the point cloud data formed 

from modified 2D LiDAR with an example of the “Standing” activity and the representation of 
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the “Standing” activity data from 3D LiDAR taken from the KITTI dataset can be seen in 

Figure 5. 

                             
a)         b) 

Figure 5. Adapted 3D LiDAR Slice Feature for Modified 2D LiDAR Data Acquisition. 

a) Modified 2D LiDAR Data Acquisition; 

b) Adapted Slice Feature 3D LiDAR Data Acquisition [22] 

 

C. Machine Learning Algorithms 

 The primary dataset that has been collected is then classified using Machine Learning 

algorithms. The K-NN algorithm is one of the machine learning algorithms commonly used for 

classification and detection. This algorithm is the easiest and simplest among other 

classification and detection algorithms [23]. In another study, K-NN (K-Nearest Neighbors), 

RF (Random Forest), and SVM (Support Vector Machine) have a good performance on FDS 

[24-27]. Especially for SVM, its key strength is the ability to apply the kernel method to handle 

a wide range of challenging problems [28]. In a previous study, KNN and SVM also proposed 

infrared array-based FDS [9]. RF algorithm has high accuracy in detecting human activities 

[29]. RF and K-NN are also well implemented in camera-based FDS by analyzing the human 

skeleton's point variation [30]. RF and K-NN have also been implemented in a smaller scope, 

such as detecting and classifying fall incidents from bed [31]. K-NN and RF are used as the 

proposed algorithm in the world-class FDS competition [32]. From those considerations, K-

NN, RF, and SVM are used to process the primary dataset in this study. 

 The primary dataset collected and the three Machine Learning algorithms used need to be 

tested for their performance. For this reason, several parameters can be used as references in 

assessing performance, including sensitivity, selectivity, accuracy, precision, and FI-score [6], 

as shown in Table 4. 

 

Table 4. Performance Parameter Formula [6] 

Performance 

Parameters 
Formula 
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 These parameters require a confusion matrix with attributes. TP (True Positive), which is 

the number of positive data correctly classified by FDS; TN (True Negative), which is the 

amount of negative data correctly classified by the system; FN (False Negative), which is the 

number of negative data but classified incorrectly by FDS; and FP (False Positive), which is 

the number of positive data but incorrectly classified by FDS. 

 

4. Result and Discussion 

A. FDS Accuracy using K-NN, RF, and SVM 

In general, this trial aims to determine the feasibility of modified 2D LiDAR to be used as 

the primary sensor of FDS. In particular, this trial aims to assess the feasibility of the primary 

dataset generated by the sensor. The primary dataset collected is then processed using machine 

learning algorithms, namely K-NN, RF, and SVM, to determine the feasibility. After 

processing, we then performed a performance test. 

The performance test starts by using the K-NN algorithm with the K-NN parameters 
setting, the value of K (number of neighbors) = 5, the distance calculation method using 
Euclidean, and uniform distribution. Setting these parameters produces 2 Class and 9 Class 
confusion matrix, as shown in Table in Table 5 and Table 6.  

Table 5. K-NN 2 Class Confusion Matrix Result 

 Predicted with K-NN 

ADL Fall 

A
ct

u
a
l 

ADL TP =240 FP =30 

Fall FN =36 TN =444 

 

Table 6. K-NN 9 Class Confusion Matrix Result 
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Empty Room 68 0 0 0 0 0 0 0 0 

Fall backward 0 69 0 0 0 0 0 0 0 

Fall forward using 

hands 
9 0 49 12 0 0 0 0 0 

Fall forward using 

knees 
0 0 13 42 0 0 5 5 3 

Fall sideward 0 0 0 0 69 0 0 0 0 

Lying down 4 0 0 0 1 192 1 2 0 

Picking up an object 0 0 0 4 0 0 60 0 4 

Sitting 12 0 0 2 9 17 5 23 0 

Standing 0 0 0 0 0 0 0 0 70 
 

Performance testing is continued by using the SVM algorithm with SVM parameter 
settings, among others, Cost = 1.00, Epsilon Regression Loss = 0.10, Kernel RBF, Numerical 
tolerance = 0.001 and iteration limit = 100. FDS with our data and data and SVM produces 2 
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Class and 9 Class confusion matrix, as shown FDS with our data and SVM produces 2 Class 
and 9 Class confusion matrix, as shown in Table 7 and Table 8.  

 

Table 7. SVM 2 Class Confusion Matrix Results 

 Predicted with SVM 

ADL Fall 

A
c
tu

a
l 

ADL TP =267 FP =3 

Fall FN =7 TN =473 

 

Table 8. K-NN 9 Class Confusion Matrix Results 
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Empty Room 68 0 0 0 0 0 0 0 0 

Fall backward 0 69 0 0 0 0 0 0 0 

Fall forward 

using hands 

0 0 70 0 0 0 0 0 0 

Fall forward 

using knees 

0 0 0 68 0 0 0 0 0 

Fall sideward 0 0 0 0 69 0 0 0 0 

Lying down 0 0 0 0 0 198 0 0 2 

Picking up an 

object 

0 0 0 0 0 0 68 0 0 

Sitting 0 0 0 0 0 0 0 68 0 

Standing 0 0 0 0 0 2 0 0 68 

 

Performance testing is continued using the RF algorithm with the RF parameter setting 
Number of three = 10. FDS with our data and RF produces 2 Class and 9 Class confusion 
matrix, as shown in Table 9 and Table 10. 

 

Table 9. RF 2 Class Confusion Matrix Result 

 Predicted with RF 

ADL Fall 

A
ct

u
a
l ADL TP =267 FP =3 

Fall FN =3 TN =477 
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Table 10. RF 9 Class Confusion Matrix Result 
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Empty Room 66 0 1 0 0 0 1 0 0 

Fall backward 0 69 0 0 0 0 0 0 0 

Fall forward using 

hands 

0 0 70 0 0 0 0 0 0 

Fall forward using 

knees 

0 0 0 68 0 0 0 0 0 

Fall sideward 0 0 0 0 69 0 0 0 0 

Lying down 0 0 0 0 0 200 0 0 0 

Picking up an 

object 

0 0 0 0 0 0 68 0 0 

Sitting 0 0 0 0 0 0 3 65 0 

Standing 0 0 0 0 0 0 0 0 70 

The confusion matrix results in Tables 5, 7, and 9 show that the overall performance 

parameters can be calculated, as shown in Figure 6. 

 
Figure 6. Performance Result 

 

 From the performance calculation result, it can be concluded that the RF algorithm 

performs better than KNN and SVM. The RF algorithm performs best based on three 

parameters: sensitivity, accuracy, and F1 Score. Meanwhile, the SVM algorithm only has two 

best performances based on three parameters: selectivity and precision. 
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B. Result Comparison with Previous Work 

After getting the performance results, as shown in Figure 6, a comparison was made 

between the results of the previous study [9] and our proposed study using KNN-SVM-RF, as 

represented in Figure 7.  

 
Figure 7. Result Comparison 

 As seen in Figure 7, the sensitivity and selectivity of this proposed study got higher 

performance than those in the previous research. This higher result is obtained when using the 

RF algorithm. 

 In general, these results indicate that the primary dataset in the proposed study is feasible to 

use and that modified 2D LiDAR has been successfully implemented as the primary sensor in 

FDS as a Low-Cost Alternative to 3D LiDAR. Thus, modified 2D LiDAR can be used as an 

ambient-based FDS solution in addition to those proposed by previous researchers [7 – 9]. 

 

5. Conclusion 

In general, this study proposes a Modified 2D LiDAR-based FDS for the elderly. Modified 

2D LiDAR inspired by slice feature on 3D LiDAR data is proposed as an ambient-based FDS 

solution in addition to those proposed by previous researchers [7 – 9]. Overall, this study 

involves designing and realizing modified 2D LiDAR, collecting the primary dataset, testing 

fall detection accuracy using machine learning algorithms, and comparing it to the previous 

research, namely FDS based on Infrared Array [9]. The test results show that FDS achieves 

optimal performance using the RF algorithm with 100% sensitivity and 99.4% selectivity. This 

percentage value is superior to the previous study, with 98% sensitivity and 93% selectivity 

[9]. Thus, modified 2D LiDAR can be used as an ambient-based FDS solution in addition to 

those proposed by previous researchers. 
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