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บทคดัย่อ
ดว้ยการหกลม้เป็นปัญหาส�ำคญัทางดา้นความปลอดภยัในผูสู้งอาย ุ เพ่ือลดผลสืบเน่ืองจึงจ�ำเป็นตอ้งหาวิธีการป้องกนัการ

หกลม้แบบใหม่ๆ การวิจยัน้ีจึงมุ่งเน้นพฒันารูปแบบการก�ำหนดเกณฑ์แบบไดนามิกเพ่ือตรวจจบัก่อนการหกลม้แบบเวลาจริง 

โดยบูรณาการคุณสมบติัดา้นความเร็วการเคล่ือนท่ีของศรีษะและหนา้อก ร่วมกบัจุดศูนยถ่์วงของร่างกาย ดว้ยกฎฟัซซ่ีลอจิก 14 ขอ้

แบบ Sugeno เพื่อการก�ำหนดท่าทางหกลม้ การเปล่ียนแปลงท่าทาง และการเคล่ือนท่ี รวมทั้งการเปรียบเทียบการใชอุ้ปกรณ์แบบผสม

ผสานแบบต่างๆ เพ่ือการตดัสินใจขั้นสุดทา้ยว่าเกิดการหกลม้ ดว้ยวิธีน้ีท�ำให้สามารถตรวจจบัก่อนการหกลม้ โดยอาสาสมคัร

ใส่เซ็นเซอร์ท่ีมีขนาดเลก็เท่าเหรียญ ท�ำงานร่วมกบั คินเน็กทท์�ำหนา้ท่ีตรวจจบัดว้ยภาพ โดยไม่บนัทึกขอ้มูลเพ่ือความเป็นส่วนตวั 

การประยกุตเ์กณฑแ์บบไดนามิกท่ีมีแบบแผนเหมาะกบัปัจเจกบุคคล ท�ำใหร้ะยะเวลาการแยกแยะตรวจจบัการลม้และไม่ลม้แบบเวลา

จริงมากท่ีสุด และไดเ้ปรียบเทียบผลบูรณาการอุปกรณ์หลากหลาย ทั้งคินเน็กทต์วัเดียว สองและสามตวั ร่วมกบัการใชแ้ละไม่ใชอุ้ปกรณ์

สวมใส่ ผลทดลองพบวา่ระยะเวลาท่ีสามารถตรวจจบัก่อนการหกลม้ได ้ คือ 549.83 มิลลิวนิาที ดว้ยบูรณาการแบบคินเน็กทส์องตวัร่วมกบั

อุปกรณ์สวมใส่สามารถลดปัญหาการทบัซอ้นคลาดเคล่ือนของมุมกลอ้ง ดว้ยความเม่นย �ำการตรวจจบั ร้อยละ 98.09 กลบักนัการตรวจจบั

ดว้ยคินเน็กทเ์พียงสองตวั ตรวจจบัไดด้ว้ยอตัราความแม่นย �ำต�่ำกวา่เพียง ร้อยละ 93.00

ค�ำส�ำคญั: การตรวจจบัการหกลม้ การตรวจจบัก่อนการหกลม้ เกณฑแ์บบไดนามิก ฟัซซ่ีลอจิก การตรวจจบัการหกลม้ในผูสู้งวยั

Abstract
Problems of falling are particularly vital safety in seniors. For these reasons, increasing a useful fall prevention approach 

is necessary to relieve the infliction of falls. This study focuses on a dynamic threshold model for real-time pre-impact fall detection 

that enables the falls to be identified before the body crashes to the ground. The velocity of head and chest position and the center 

of gravity of the subject body used for the feature combination classified by fuzzy inference for pre-impact fall detection. It only 

needs subjects to wear some tiny coin-size sensors that combine with the Kinect sensor, vision-based, without recording any data 

due to privacy issue. The dynamic threshold-based model with stereotypes suitable for an individual one, is applied for real-time 

fall and non-fall classification for the longest lead time of pre-impact fall detection. Moreover, the various kinds of integration of 

single, multiple, and triple Kinect combined with and without the wearable device are evaluated. The 14 rules of Sugeno fuzzy set 

defining the falling posture, movement transitions, and comparison of the different combination of devices are inferred first, whereas the 

final decision is produced through thinking and trigger on such fuzzy sets. The experimentation result found that the highest 

lead-time of pre-impact fall detection is 549.83 ms. However, the integration method that combined multiple Kinect with the wearable 

device can reduce camera overlapping and obscurity with the highest accuracy about 98.09 percent. Vice versa, the method using only 

multiple Kinect without the wearable device provide lower accuracy than 93.00 percent.
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Introduction
Falls are a vital safety interest, particularly in seniors. Almost 28–35 % of seniors aged 65 and over fall at least 

once every year [1]. For the sake of minimizing the impacts of aging as the human constitutional failures, therapeutics are 

designated. Besides, seniors are likely to recurrent falls after a fall-related occurrence. Those frequently leads to the lack of 

movement and self-sufficiency [2]. For these reasons, increasing a useful fall prevention approach is necessary to relieve the 

infliction of falls, particularly in seniors. After fall movement detection is supposed to admit proper therapeutic support for 

fall patients, consequently avoid accidental injuries caused by long lie syndrome [3]. Dissimilarly after or post-fall movement 

detection, pre-impact fall detection is accomplished to defeat the conditions specified earlier. Pre-impact fall detection 

relates to the method that enables falls to be identified before the body crashes to the ground (i.e., the body-ground collision). 

Related Work
Pre-impact fall detection method is a significant application that has been used to save a person who takes risks 

[4-7]. Not only those issues but cost, noise, privacy, the complexity of computation and the suitable threshold value for 

pre-impact fall detection also are concerned [8]. Currently, most fall detection methods are not only using wearable and 

ambient based devices but also vision based. Although wearable devices [9] are low cost and small size electronic devices 

that can be attached to clothing or wearing in body parts, such as gyroscope and accelerometer [10]. Some of the essential 

problems of wearable devices are most people usually forget wearing them. Therefore vision-based approach has been 

developed and used for collecting information on human activities of daily living. However overlay, obtrusion, and occlusion 

in vision-based approach [11] are some of the essential difficulties.

According to Wu, G. [12], Activities of Daily Living (ADL) is monitoring of human walking, sitting down, 

picking up an object, rising from a chair and lying down on the bed. The body [12] or head [8] movement have been 

measured in both of vertical and horizontal of velocities and accelerations. During fall accident, the velocities in both of 

magnitude changing and timing of the magnitude changing will be increasingly higher than normal activities and will be 

triggered for fall alert. However, the only velocity of movement features not enough to classify ADL and falling event more 

accurately. 

As the vertical projection [13] of the center-of-body onto the ground, it has usually been called the center of 

gravity (COG). Generally human would not fall when the projection of COG within the base of support which is formed by 

both human feet on the ground [14]. Vice Versa, the falling would be the high possibility while the projection of COG is 

outside of the base of support. The threshold-based algorithm was proposed by Bourke et al. [15] to differentiate fall and 

activities of daily living. However, a fixed threshold value cannot accomplish well for all ADL due to the difference of their 

attributes. If it is determined too high, there is the high possibility that some falling accidents were still undetected. Vice 

versa, if it is too low, the detection system generates false detections. 

Furthermore, fuzzy logic models the ability to emulate the rational way of thinking to efficiently appropriate 

methods of thinking that are estimated rather than specific [16]. Among fuzzy logic, we can intimate mapping rules attending 

linguistically logical variables rather than quantities. Processing the statements provides us the possibility to reveal 

imprecision, ambiguity, biased truth and threshold [17]. According to Takagi–Sugeno (TS) fuzzy inference system has been 

used to trigger a fall alarm utilizing the information about the person’s motion and the distance of gravity center to the 

ground. The Sugeno method of fuzzy inference had been Introduced in 1985 [18], this technique is similar to the Mamdani 

approach in many regards. The first two components of the fuzzy inference method, fuzzifying the inputs and utilizing the 

fuzzy operator, are similar. The main contrast between them is that the Sugeno output membership purposes are either linear 

or constant.

In this study, we focus on a dynamic threshold model for real-time scene change detection in different video 

sequences. The velocity of head and chest position were used for the first feature in pre-impact fall detection method. 

Furthermore, the COG of the subject body was also used for the second feature. These features are combined and classified 

by fuzzy inference system for pre-impact fall detection and prediction using both wearable and Kinect sensors.
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Materials and Methods
1) Vision-based using Multiple Kinects: the Kinect sensor is proposed for the worldwide market, which produces 

dense depth images under poor illumination conditions. The depth data is then appropriated to determine a skeletal model 
of any human body in Kinect’s viewpoint, which specifies each pixel as being a human body part or environment [5, 19-20]. 
Self-occlusion occurs when the other portion of themselves hides any parts of a human body. Particularly, when the expense 
of such a camera is low (e.g., the Kinect sensor). In the proposed system, multiple and triple Kinects are used. 

2) Wearable Device: Wearable sensor methods propose various benefits concerning size, weight, cost, power 
extermination, ease of use and portability [21]. They enable tracking without the constraints due to demands for ecosystem 
structuring and privacy attention. The MetaWearC [22] is a whole development and creation platform for wearable and 
connected device applications. It emphasizes the ultra-low power nRF51822 SoC, implementing energy efficient smartphone 
communication and central processing. We used MetaWearC [23] units, which include a tri-axial accelerometer and tri-
axial gyroscope IMU from Bosch (BMI160). The inertial sensor time series estimated by the body mounted sensors were 
recorded together with data from the desktop applications. Body movement events for an individual were detected from 
these sensors processed by the dynamic threshold algorithm. All disadvantages are improved by our method, which is 
simple, inexpensive and quick.

3) Velocity Characteristics: According to the fall event was explained by [24] in four phases as pre-fall phase, 
critical fall or pre-impact fall phase, post-fall or impact phase and recovery fall phase respectively as shown in figure 2. 
Importantly, the critical fall or pre-impact fall phase is motion during fall-down that short period and very accelerated 
movement than normal lie-down. During the pre-impact fall phase, there is the free fall temporary time that constant vertical 
and horizontal velocity increasingly.

4) The Center of Gravity (COG) and Based Support Area (BSA): Whatever the conditions of falling are 
various and complicated, a significant factor is the ability to react efficiently to ‘loss of balance,’ i.e., balance interference 
[25]. The critical factor that conclusively defines whether or not a balance disturbance leads to a fall is our experience, or 
failure, to recover balance. For the calculation of the COG, as shown in figure 1, it relates to the model of each skeletal joint 
position offered by Kinect sensors. The Euclidean metric has been used for the straight-line distance calculation between 
difference feature skeletal joint positions. 

The DK is range among left and right ankle joint position as equation number (9), and Dj
1
 and Dj

2
 is the range on 

both sides of ankles and spine joint position as defined in equation number (8). Next, the circle region in figure 1 means for 
the BSA, meanwhile COG is moving inside BSA people are safety, vice versa who possibly unsecured or unstable while 
COG is running outside the BSA. The black dot is presented as the top view of COG projectile to BSA from human spine 
position. However, in some instances, the COG may proceed outside the BSA such as sitting and lying-down, therefore only 
the COG inadequate for pre-impact fall detection. 
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Figure 1 COG calculation Figure 2 Four Phases of Falling Motion [24]
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5) Spatiotemporal Dynamic Threshold Model: Though, a fixed threshold value cannot achieve appropriately 

for all activities of daily living due to the variety of their characteristics. The major problem is to reach the best estimation 

for each fixed threshold determination. If the fixed threshold has been set too high, it highly probable that some falling 

events are still undetected. Vice versa, if it is fixed too low, the detection system makes false detections as well. In this 

proposed method, not only using head position but also the center of gravity (COG) from various skeleton constructions 

provided by Kinect SDK also are used to compute without marker required. The dynamic threshold based using previous 

30 frame value of the head position that provided by Kinect SDK. The simple mean value X and the standard deviation SDn 

of X in the specified window are calculated as follows: 
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With Euclidean distance method [25] in (3), let the Acc being the acceleration of head position calculated by X
i
, Yi 

and Z
i
 values provided by each Kinect sensor. This equation is defined as both acceleration calculation of ADLAcc movement 

and real-time pre-impact fall detection (RTAcc) also.
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Then within equation number (4) let X
ADL

 being the mean value of head position velocities in each sliding window, 

let ADLAcc
i
 being the acceleration of head position in ADL in the dataset and let n being the number of the frame in 

ADLAcc dataset. The purpose of this equation is for defining the mean value of the head position in ADL for letting it be 

the based on dynamic threshold definition.
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In equation number (5), let SDADL being the standard deviation (SD) of each ADL series from the dataset have 

been calculated then combining it with ADL mean value (XADL) as the result of the threshold in ADL (ADLth) that defined 

in equation number (6). Within equation number (7), let Xrt being the mean value of head position velocities in real-time 

detection, and let n is the number of the previous frame in 1 second about 30 frames (33 millisecond per frame) or 30 sliding 

windows provided by Kinect or wearable device that calculated by equation (3) as Real Time Acceleration (RTAcc). The 

standard deviation (SD
rt
) of each sliding window series can be calculated by equation number (8). 
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In equation (9), let DT being the dynamic threshold, that calculated by combining with a mean value of ADL and 

real-time detection value added by the standard deviation value of real-time detection also. For head velocity detection, the 

head velocity of each current sliding window (RTAcc) has been compared by DT, if RTAcci is higher than DT that means 

an injured possibility. Then, the result of velocity comparison is passed to the step of comparison between velocity and COG 

using DT. However, only head velocity feature inadequate to separate fall and non-fall activities cause of some activities 

also make velocity increasing immediately higher than the threshold such as start to running and jumping. 

The result of the previous experiment [5-7] of comparison in regular activity between the dynamic threshold and 

velocity of daily living. The moving of dynamic threshold was increased or decreased based on the last velocity in 1 second 
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or 30 frames that provided by Kinect. Lead Time, Impact Time, and Pre-Impact Fall detection have also been presented also. 

In the fall phase, during the velocity of human body higher than the dynamic threshold that adaptive increasing based on 

previous normal velocity. It implied that falling accident happened. Furthermore, the time during first detected or 

pre-impact fall happening and peak time of human body velocity was defined as lead time. That means it valuable if lead 

time or fall recognized time was detected as long as possible.

6) Fuzzy Inference Based Techniques for Separation between ADLs and Fall Incidents: Since the number of 

fuzzy inputs and linguistic variables of any fuzzy set extensions, the amount of fuzzy rules increases exponentially. For n 

variables each of which can consider m values, the amount of rules is mn. The 14 rules of Sugeno fuzzy set, as Table 1 

available online at http://bit.ly/fuzzyrule-otanasap, defining the falling posture, movement transitions, and comparison of 

the different combination of devices are inferred first, whereas the final decision is produced through thinking and trigger 

on such fuzzy sets. For the definition of each input variable for various methods, let x
i 
is the head velocity from Kinect 

number i. Then let y
i
 is COG of human body from Kinect number i, z is the velocity of wearable device, A

i
 is the dynamic 

threshold of velocity from Kinect number i, B
i
 is BSA of human body from Kinect number i, C is the dynamic threshold of 

velocity from wearable device, D
1
 is fall is happening, and D

2
 is ADL. 

Figure 3 System Block Diagram of the proposed method, different Kinects viewpoint, set up installed on the stack

Procedure and Experimental
According to the literature review of pre-impact fall detection techniques based on computer vision based approach 

that has been developed and applied for obtaining data of human movements in ADL and fall accidents [1]. Therefore in this 

experiment, the multiple perspectives that implemented by various Kinect© sensors combined with the wearable device are 

proposed as shown in figure 3. The three Kinects were installed on the same height stack from the floor about 80 centimeters. 

The distance between them is 200 centimeters apart in 45 degrees of angle. Tracking spaces are about 400 by 800 centimeter. 

Each Kinect acquired 1024x1280 color images and 20 skeleton joint positions in 30 frames per second. The experimental 

performed by ten adolescents as volunteer age between 19 to 23 years, including 8 males and 2 females. They performed a 

sequence of regular ADL at a natural speed. ADL was recorded in 1100 videos. For realistic of experiments, they are 

performed on a 30 centimeters thick mat and 4 meters width by 8 meters long, poured soapy water on the top of the mat. As 

figure 4, the fall performing examples are captured for evaluation purpose that included sideward, frontward and backward 

falls. For realistic of the experiments, all volunteers are performed on 30 centimeters thick mat and 4 meters width by 8 

meters long. 
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Results and Discussion
Experimental results for ADL included sitting down, standing up, object picking, walking, jogging, standing still, 

and jumping and simulate of falling events involved forward fall, backward fall, lateral fall left, lateral fall right. The result 

of experiments in various ADL activity types and the different methods of device combination present that method (n) with 

combined triple Kinect and wearable device, is the higher true-negative rate with correctly define as ADL in 691 times and 

only tiny false alarm with false positive rate in 19 times, as totally 700 times. That can be calculated specificity as 97.29 %. 

The second group of higher true-negative rate is the method (k), (l), and (m). They perform prediction correctly as ADL in 

675 to 677 times and only little false alarm with the false positive rate in 23 to 25 times, 96.71 % to 97.43 % specificity. 

The third group of the true-negative rate higher than 95 percent is methods (e), (d), and (f). They operate prediction accurately 

as ADL in 666 to 670 times and only 30 to 34 times of false alarm, 96.71 % to 97.43 % specificity. The last group of the 

true-negative rate lower than 95 percent is methods (j), (g), (i), (b), (h), (a), and (c). They produce prediction precisely as 

ADL in 649 to 664 times and 36 to 51 times of false alarm, 92.71 % to 94.86 % specificity.

 

Figure 4 The fall performing examples are captured for evaluation purpose

According to the figure 5, the highest average pre-impact fall lead-time about 549.83 ± 129.46 ms detection time 

prior impact to the ground is the method (j) that integrated with triple Kinect viewpoint without the wearable device. The 

second highest average lead-time prior impact of 549.75 ± 129.79 ms is the method (h) that integrated with multiple Kinect 

numbers one and three without wearable device also. The third highest pre-impact fall detection lead-time with 

538.92 ± 130.28 ms is the method (l) and (n) consecutively. Both of them consist of multiple and triple Kinect viewpoints 

combined with wearable sensor sequentially.

Refer to figure 6, the comparison for the result of accuracies, sensitivities, and specificities in various methods of 

both fall event and ADL have been presented. We found that the group of the technique only implemented single Kinect (a), 

(b), and (c) produce the lowest not only sensitivity and specificity but also accuracy and lead time. Furthermore, the group 

of the method that implemented only Kinect both single and multiple without the wearable device proceeds lower efficiencies 

and specificities than the method group of integrated both Kinect and wearable device together. However, the methods that 

combined both only multiple Kinect with and without the wearable device can provide higher lead time than only single 

Kinect with and without the wearable device. Commonly, the decision of airbag inflation is made within 15 to 30 milliseconds 

after the origin of the accident and fully inflated within 60-80 milliseconds approximately. According to the result of [26], 

the velocity and threshold-based features were used by implementing 3 markers placed on the posterior side of the trunk 

with 3 cameras. The average lead time before impact about 300 to 400 milliseconds approximately compare to our 

experimental about 538.92 milliseconds. 
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Figure 5 Pre-impact fall detection time in various methods Figure 6 The comparison for accuracies, sensitivities, and 

specificities in various methods of fall and ADL

Conclusions
The dynamic threshold-based model that stereotypes and suitable for an individual one, are applied for real-time 

fall and non-fall classification for the longest lead time of pre-impact fall detection. Moreover, for selecting proper device 

combination techniques that differ from previous experimental [7] using only triple Kinect, various kinds of integration are 

evaluated that involved single, multiple, and triple Kinect combined with and without the wearable device.

The experimentation found that the highest average lead-time of pre-impact fall detection is 549.83 ± 129.46 ms 

prior impact. The next highest is 538.92 ± 130.28 ms that the method consists of multiple Kinect combined with wearable 

sensor sequentially. It shows that only using multiple Kinect without wearable device can produce longer lead time. Though, 

the method that combines multiple Kinect sensors with the wearable device can produce later lead time than the first one 

only in 10 ms approximately. However, the integration method that combined multiple Kinect with the wearable device can 

reduce camera overlapping and obscurity in vision-based with the highest accuracy about 98.09 percent. Vice versa, the 

method using only multiple Kinect without the wearable device provide lower accuracy than 93.00 percent. It does not 

affect the operation of peripherals such as airbag that require inflation time only 30 ms. Although with the integration 

method, it can reduce camera overlap and obscurity in vison-based.



วารสารมหาวทิยาลยัทกัษิณ

ปีท่ี 22 ฉบบัท่ี 2 กรกฎาคม-ธนัวาคม 2562

ระบบการตรวจจบัก่อนการหกลม้กระแทกแบบอา้งอิงดว้ยฟัซซ่ี ฯ

ณฏัฐ ์โอธนาทรัพย ์และคณะ

Thaksin.J., Vol.22 (2) July - December  2019

51

References
[1] Bagala, F., Becker, C., Cappello, A., Chiari, L., Aminian, K., Hausdorff, J. M., Zijlstra, W., & Klenk, J. (2012). Evaluation 

of Accelerometer-based Fall Detection Algorithms on Real-world Falls. PloS One, 7(5), e37062.

[2] Rougier, C., Meunier, J., St-Arnaud, A., & Rousseau, J. (2011). Robust Video Surveillance for Fall Detection Based on 

Human Shape Deformation. IEEE Transactions on Circuits and Systems for Video Technology, 21(5), 611-622.

[3] Liu, J., & Lockhart, T. E. (2009). Age-related Joint Moment Characteristics during Normal Gait and Successful Reactive-

recovery from Unexpected Slip Perturbations. Gait & Posture, 30(3), 276-281.

[4] Abbate, S., Avvenuti, M., Bonatesta, F., Cola, G., Corsini, P., & Vecchio, A. (2012). A Smartphone-based Fall Detection 

System. Pervasive and Mobile Computing, 8(6), 883-899.

[5] Otanasap, N. & Boonbrahm, P. (2015). Multiple Kinect for 3D Human Skeleton Posture using Axis Replacement Method. 

In The 14th IEEE International Symposium on Mixed and Augmented Reality (ISMAR 2015). September 29 – 

October 3, 2015, Fukuota: Japan.

[6] Otanasap, N., & Boonbrahm, P. (2017). Pre-impact Fall Detection System using Dynamic Threshold and 3D Bounding 

Box. In The 8th International Conference on Graphic and Image Processing (ICGIP 2016) 10225, 102250D. 

October 29 -31, 2016, Tokyo: Japan.

[7] Otanasap, N., & Boonbrahm, P. (2017). Pre-impact Fall Detection Approach using Dynamic Threshold Based and Center 

of Gravity in Multiple Kinect Viewpoints. In The 2017 14th International Joint Conference on Computer Science 

and Software Engineering (JCSSE). 1-6. July 12-14, 2017, Nakhon Si Thammarat: IEEE. 

[8] Rougier, C., Meunier, J., St-Arnaud, A., & Rousseau, J. (2006). Monocular 3D Head Tracking to Detect Falls of Elderly 

People. In The 2006 International Conference of the IEEE Engineering in Medicine and Biology Society. 

6384-6387. August 30 – September 3, 2006, New York : IEEE. 

[9] Stone, E. E., & Skubic, M. (2015). Fall Detection in Homes of Older Adults using the Microsoft Kinect. IEEE Journal 

of Biomedical and Health Informatics, 19(1), 290-301.

[10] InvenSense (2014). Introduces the World’s First Motion Apps Platform™ for Embedded System Developers (Online). 

Retrieved 5 March 2018, from http://ir.invensense.com/phoenix.zhtml? c=237953 &p=irol-newsArticle&ID=1587324. 

[11] Mastorakis, G., & Makris, D. (2014). Fall Detection System using Kinect’s Infrared Sensor. Journal of Real-Time Image 

Processing, 9(4), 635-646.

[12] Wu, G. (2000). Distinguishing Fall Activities from Normal Activities by Velocity Characteristics. Journal of Biomechanics, 

33(11), 1497-1500.

[13] Kim, E., Helal, S., & Cook, D. (2010). Human Activity Recognition and Pattern Discovery. IEEE Pervasive Computing/ 

IEEE Computer Society [and] IEEE Communications Society, 9(1), 48. 

[14] Luinge, H. J., & Veltink, P. H. (2005). Measuring Orientation of Human Body Segments using Miniature Gyroscopes 

and Accelerometers. Medical and Biological Engineering and Computing, 43(2), 273-282. 

[15] Bourke, A. K., O’Donovan, K. J., Nelson, J., & OLaighin, G. M. (2008). Fall-detection through Vertical Velocity 

Thresholding using a Tri-axial Accelerometer Characterized using an Optical Motion-capture System. In The 

2008 30th Annual International Conference of the IEEE Engineering in Medicine and Biology Society. 2832-2835. 

August 20-25, 2008, Vancouver, BC, Canada: IEEE. 

[16] Kwolek, B., & Kepski, M. (2016). Fuzzy Inference-based Fall Detection using Kinect and Body-worn Accelerometer. 

Applied Soft Computing, 40, 305-318.

[17] Zadeh, L. A. (1976). A Fuzzy-algorithmic Approach to the Definition of Complex or Imprecise Concepts. In Systems 

Theory in the Social Sciences. 202-282. Basel, Switzerland: Birkhäuser, Basel. 

[18] Sugeno, M. (1985). Industrial Applications of Fuzzy Control. Amsterdam : Elsevier Science Ltd.



วารสารมหาวทิยาลยัทกัษิณ

ปีท่ี 22 ฉบบัท่ี 2 กรกฎาคม-ธนัวาคม 2562

ระบบการตรวจจบัก่อนการหกลม้กระแทกแบบอา้งอิงดว้ยฟัซซ่ี ฯ

ณฏัฐ ์โอธนาทรัพย ์และคณะ

Thaksin.J., Vol.22 (2) July - December  2019

52

[19] Otanasap, N. & Boonbrahm, P. (2015, July). Real Time Action Detection from 3D Skeleton Data Using Multiple Kinects. 

In Proceeding of the 7th Walailak Research National Conference. 188. July 2, 2018. Nakhon Si Thammarat : 

Walailuk University. 

[20] Shotton, J., Fitzgibbon, A., Cook, M., Sharp, T., Finocchio, M., Moore, R., & Blake, A. (2011). Real-time Human Pose 

Recognition in Parts from Single Depth Images. In The Proceedings of the 2011 IEEE Conference on Computer 

Vision and Pattern Recognition. 1297-1304. June 20 – 25, 2011, Washington, DC, USA : IEEE. 

[21] Patel, S., Park, H., Bonato, P., Chan, L., & Rodgers, M. (2012). A Review of Wearable Sensors and Systems with 

Application in Rehabilitation. Journal of Neuroengineering and Rehabilitation, 9(1), 21. 

[22] Sabatini, A. M., Ligorio, G., Mannini, A., Genovese, V., & Pinna, L. (2016). Prior-to-and Post-impact Fall Detection 

using Inertial and Barometric Altimeter Measurements. IEEE Transactions on Neural Systems and Rehabilitation 

Engineering, 24(7), 774-783. 

[23] Djurić-Jovičić, M. D., Jovičić, N. S., & Popović, D. B. (2011). Kinematics of Gait: New Method for Angle Estimation 

Based on Accelerometers. Sensors, 11(11), 10571-10585. 

[24] Noury, N., Rumeau, P., Bourke, A. K., ÓLaighin, G., & Lundy, J. E. (2008). A Proposal for the Classification and 

Evaluation of Fall Detectors. Irbm, 29(6), 340-349.

[25] Maki, B. E., & McIlroy, W. E. (2003). Effects of Aging on Control of Stability. A Textbook of Audiological Medicine: 

Clinical Aspects of Hearing and Balance, London: Martin Dunitz Publishers.

[26] Otanasap, N. & Boonbrahm, P. (2014). Falling Pattern Analysis Based on 3D Euclidean Distance of Human Skeleton 

Joints. In Proceedings of The International Conference of Information and Communication Technology for 

Embedded Systems (IC-ICTES 2014). (N/A). January 23-25, 2014, Ayutthaya : Thammasat and Kasetsart University. 

[27] Hirata, Y., Komatsuda, S., & Kosuge, K. (2008). Fall Prevention Control of Passive Intelligent Walker Based on Human 

Model. In The 2008 IEEE/RSJ International Conference on Intelligent Robots and Systems. 1222-1228. September 

22-26, 2008, Acropolis Convention Center. Nice, France: IEEE.


