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Classification of Fall Direction Before Impact Using Machine Learning
Based on IMU Raw Signals

Hyeon Bin Lee', Chang June Lee', and Jung Keun Lee™"

Abstract

As the elderly population gradually increases, the risk of fatal fall accidents among the elderly is increasing. One way
to cope with a fall accident is to determine the fall direction before impact using a wearable inertial measurement unit (IMU).
In this context, a previous study proposed a method of classifying fall directions using a support vector machine with sensor
velocity, acceleration, and tilt angle as input parameters. However, in this method, the IMU signals are processed through
several processes, including a Kalman filter and the integration of acceleration, which involves a large amount of com-
putation and error factors. Therefore, this paper proposes a machine learning-based method that classifies the fall direction
before impact using IMU raw signals rather than processed data. In this study, we investigated the effects of the following
two factors on the classification performance: (1) the usage of processed/raw signals and (2) the selection of machine learn-
ing techniques. First, as a result of comparing the processed/raw signals, the difference in sensitivities between the two meth-
ods was within 5%, indicating an equivalent level of classification performance. Second, as a result of comparing six
machine learning techniques, K-nearest neighbor and naive Bayes exhibited excellent performance with a sensitivity of

86.0% and 84.1%, respectively.
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Fig. 1. Fall directions and a waist-attached IMU
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Fig. 2. Accelerometer signals for each fall direction.
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Fig. 3. Gyroscope signals for each fall direction.
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Table 1. Sensitivities (%) of binary classification: comparison of results from processed/raw signals.

Forward vs. Backward Rightward vs. Leftward
Input F B Input R L
Vy 100 100 v, 100 100
Conv.
pitch 834 87.9 roll 96.9 90.9
Vix 87.5 714 Yy 95.8 942
max
Yy 942 93.9 Yex 98.6 100.0
Vi 91.1 90.3 Yy 95.6 96.9
sum
Y6y 95.8 90.6 YV6.x 100.0 100.0
Vi 91.1 90.3 Vay 95.6 96.9
mean
Yoy 95.8 95.6 YG.x 100.0 100.0

Table 2. Sensitivities (%) of multi-classification: comparison of results from processed/raw signals.

Input F B R L Avg.
v, &, 93.8 91.3 62.3 63.6 77.8
Conv. ’

pitch & roll 77.0 74.2 432 56.2 62.7
Yax &Yy 0.0 53.1 0.0 95.0 37.0

max
Y6, &Yay 73.1 60.8 75.8 85.8 739
Vax &Yay 56.9 45.0 65.8 81.7 624

sum
YVorx &Yay 51.1 26.7 45.0 383 40.3
Yax &Yy 583 45.0 65.8 81.7 62.7

mean
Yo &Yay 83.6 544 79.7 88.3 76.5

Table 3. Sensitivities (%) of binary classification: comparison according to the selection of machine learning techniques.

Ya,y Yax Yoy & Vax Ya,x Yay Yor & Vay

F B F B F B R L R L R L
SVM 95.8 95.6 91.1 90.3 94.2 93.9 100.0 100.0 95.6 96.9 100.0 100.0
KNN 91.1 94.2 86.9 822 91.1 94.2 100.0 100.0 95.3 93.9 100.0 100.0

DT 92.8 96.9 86.4 90.8 92.8 953 100.0 100.0 100.0 93.9 100.0 100.0
LDA 94.2 95.6 914 90.3 94.2 972 100.0 100.0 95.6 96.9 100.0 100.0
NB 94.2 92.8 92.8 88.6 94.2 95.6 100.0 100.0 95.6 96.9 100.0 98.3
NN 94.2 972 91.1 81.9 94.2 94.2 100.0 100.0 96.7 953 100.0 100.0
M B 5UA 100%, d/F] thax s Aghiyge]
12 2% L8 100% | thaiAl e Al b o] ‘l 327178 J]HE SEM 1T
WA S RIAEE BYARE, O ApolE 5% o2 T5
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= nAGedd 77.8%) ALTUAE 54 = AN Aeel o) me g e seld Bast ok mekA o oA
10 27 o] ol Aol Lk o] 13 A 7ol e BF 45S vlmdh o EYoze
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Table 4. Sensitivities (%) of multi-classification: comparison according to the selection of machine learning techniques.

270 (= v, & vo,) ace = 1o, & yi,) @70 & acc
F B R L Ag F B R L  Ag F B R L Avg
SVM  83.6 544 79.7 88.3 76.5 583 45.0 65.8 81.7 62.7 82.5 59.2 78.9 80.0 75.1
KNN  89.7 75.8 95.8 85.8 86.8 75.6 67.5 73.9 62.8 69.9 89.7 75.8 95.8 82.8 86.0
DT 81.9 75.0 87.2 82.5 81.7 69.2 68.1 76.9 70.3 71.1 79.7 78.6 61.1 54.4 68.5
LDA 775 54.7 71.7 86.7 72.6 58.6 43.9 65.8 82.8 62.8 79.7 50.8 76.9 90.0 74.4
NB 83.6 68.3 86.1 922 82.6 65.0 544 74.2 89.7 70.8 84.4 71.1 89.7 91.1 84.1
NN 85.8 55.6 88.1 922 80.4 71.1 70.6 68.6 73.1 70.8 472 64.2 86.1 83.9 703
R e vwstas o, 3.8 A7) AR, IMU  EFSHE 71AISs 71k S Aljtelen, A4 F 7R
o] F AN F Ae|BAFE AT E ARSI A9 Fsol v St AFHE Felith: (1) N F £7HE AT A
Fratnon, 53] /o taliA s BT 100%] V=S ¥ deEHE IMU AS25E 7k 385 AR dolHE AL
UERATE BE3h AN A E 293 Agole AelRATE ks A9-s AM Y] A E ARRSkE 90 BF 4T ]
NG5 AMEEE 790k A9 F53 7o) B/ Aes el 2, ) 7IAIEE 71 e A mE & s Rl F 7
th 7S R Al o, 7yl mEbd RiZETE B oRERS} R RE Wre] A#E gRlEith
golaHAl JEREAIRE, 2 Apol= wlg- IA] 2 A o2 gy 1. 7HE HolHRE £55, 283 AXe] dilsze 7
Atk A2, A/ BFE sl 7HEEA A5 E AR 750l o] Z AL Ao means A& 797} o] /tha i Foll A
A 71 RIZEEe] Mt 7bE 2 o s UERATE Al R 949 s Bk 8 o] F 7HA] A& H sk
AR 5.45%00 EFsidnh 3, 9 ERE 98l Aelzs &, £ AR ehs V1S el RIAETEF o =53AT,
X A5 AMShE Aols BE 71l YAl 100%S] 2 Aol wlg- 3A itk
E’l%‘lx:_é Bk &, ok BRFeMe 717 7Rt oY 2. o]x ERoAE, 71A18RE 71je] Ao mE o] ¢
nE|2] o] 7 Aol o] & IS VA= A & Ark ER = °§§}°ﬂ H] A E’—X] S vhdHo|, v 25l
Table 4= 717185 7IHYE v £72 45 4345 BolE e 7IAIsKE 7199 3ol vy & Zo2 RIH &=
oh 94 4 wEE R, M EA (aco itk Aol Rasx @ oA 7] Z1ASky 7ol A% wlwd A3, KNN# 2
(gyro) A5 ARES A9-9] 5] o] PAEIAT el F 4l OO 2= NBE AMESIS o] B/ A%l $r3ies
A AEE 238 A (gro & acc)s UIFEY] EdlolA zo] glstdnt.
22Fx NSRS AME A9 55 45 BAAT DT AR o] Aol M= AhE el B/ Ase] 715 Wil v
S} NNoM = Q38 WtwrE A Astee ReES B 3l o7k Wojxltke o] FAFHAo, ABEE 7hEE
Z, IMU9| F AA A5 E ARS7| Rt Ao]ZAFE ARt oHE ARk 7€ W 2], 7 S AXA e
S AMESIGE W, H =L BR ATS 82 deS E;IE IMU®| HASE AREsIsithe Holx 2 efn)7t At 71E =
Ak g 71ASE 71 Ao st S o, ol BF  E[16]e] WA 71E7] AM BEE 8] Sl v
of HlsiA 71 kel A Aol7t FEReH, Aoz AFx b £RE T AT 7R AR 5 B do Ak
AT E AT A, KNN, NB, DT, NN, SVM, LDA 2.2 & Filele ASAE] HS AXA dh A &4 JdF=H3A
UA=7F =30 F AME 293 Agele X 79 7Y =ol, Fdol gk tf-8-2 Al&3kA o] A oF sRA|NE, o]k 7t
oA KNN# NB, ©] &7 7H4] 7o) &2 39 9gEs 3 PFES A NS fdshs, F, 9282 ggl 2o
UEFATHKNN: 86.0%, NB: 84.1%). ©]& &3l o] &FET} A vlgEslA] &2 gl ajgdget. Bgh A 284 AIkE
T wRellA Z1AIs 78] Aol &7 Aol 2 Y= F AZ A7} o] A oF S| R, 7HE o] AR 72 A7k
7Zths A& & 4 9om, KNN# NBE #8315 ), H uhe @b T FH ks, ol ARH R EF Aol o9
WA EE AR WIS 2R 7 deS el FE 71ZIeh vl AP Al 9] XS E AMEE] o
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