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[Abstract]

In this study, we propose a method to improve the classification accuracy of body mass index (BMI)
estimation techniques based on three-dimensional gait data. In previous studies on BMI estimation techniques,
the classification accuracy was only about 60%. In this study, we identify the reasons for the low BMI
classification accuracy. According to our analysis, the reason is the use of the undersampling technique to
address the class imbalance problem in the gait dataset. We propose applying oversampling instead of
undersampling to solve the class imbalance issue. We also demonstrate the usefulness of anthropometric and
spatiotemporal features in gait data-based BMI estimation techniques. Previous studies evaluated the usefulness
of anthropometric and spatiotemporal features in the presence of undersampling techniques and reported that
their combined use leads to lower BMI estimation performance than when using either feature alone. However,
our results show that using both features together and applying an oversampling technique achieves

state-of-the-art performance with 92.92% accuracy in the BMI estimation problem.

» Key words: Anthropometric Feature, Body Mass Index, Class Imbalance, Machine Learning,
Oversampling Technique, Spatiotemporal Feature
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I. Introduction
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2) Synthetic Minority Oversampling Technique
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¥
| Training Machine Learning Model |

| Classification of Body Mass Index |

Fig. 1. Schematic Overview of the Proposed Method

IV. Proposed Method
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18: Ankle Left
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20: Foot Left

00O ) —

Fig. 2. Three—Dimensional Human Skeleton
Model Consisting of Twenty Joints
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A (Dofd) N2 4= 28§ dojefe] FA| z2y 4

£ I I & 8229 x2(Euclidean Norm)2 ©]0]
sttt J0h3 ndA L oAl HaiRte] A%} hn]2
A (2)°F o] A4t
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+ (12,13 [n]+ 509,10 [12])/2
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Table 1. Information about nineteen body segments

No. Meaning of Body Segment (i,j)EB

1 Shoulder Right 2,3)

2 Arm Right (3,5)

3 Forearm Right (5,7)

4 Hand Right (7,9)

5 Hip Right (12,13)

6 Thigh Right (13,15)

7 Leg Right (15,17)

8 Foot Right (17,19)

9 Neck (1,2)

10 Upper Spine (2, 11)

11 Lower Spine (11, 12)

12 Shoulder Left (2,4)

13 Arm Left (4,6)

14 Forearm Left (6, 8)

15 Hand Left (8,10)

16 Hip Left (12,14)

17 Thigh Left (14, 16)

18 Leg Left (16, 18)

19 Foot Left (18, 20)
gk 220 24 (Q)2E, BF A hE 24 (32
2ol ALtk

1 N
h= 2ihin] (3)

A F4st E42 197119] BO] M| THEO] s A1
(1) olgsll Al FF Zo] 197§t 4] (3) 2 HH
AL B A VN, & 5 20719 g4 F/3E HE
2 BHEN

Al57He EX12 H8iALO] Step LengthQt 7|9EQ] &

Y E(Frame Rate)E gk8s) Ait=ict
Step Length= 73] 30|49} 7ro] 3H&(Y=) dto] %7]
BE A SHR(QER) T 271 AF A1 AlolY
72| 2 o). & Aol Step Length& AAt6}7|
HallM F 2ol 271 BF A2 1™ 29 Ankle Right
o} Ankle Left2 AAst, nHa] mdolA Ankle
Right@} Ankle Left Afo]o] 712] Diffln]& $A (4)2F
ol Alteitt.

A oe,

Diff[n] = || P;;[n]— Pln] | . (4)
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[ L -
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ARoA Diff[n]-& ZHiZH{Local Maximum Value)&
7Y, sid AEE 78R % o] WUA2 o]
oz oA HH YHE Uuf A2zt 7PAR|IAl =)
Diff[n]9] o] EolEr}. 12ju 4% o] LA A]
oA Diff[n] < _.é:—%,\(Local Minimum Value)S 7t
Al Ht. ol A O] S RE = TA] &% o] A= Foj
A Diff[n] 9] 32 ZA(Local Maximum Point)o]] &
2 O7HR] S71si. o] 1 Hal o vhEAlo®
dojut, AutAloz T 4o &Rl 4 Q= At
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Local Stride Length [{]= Diff [n,, ] )
+ Diff [yae 1], 1€ (1,2, K—1}.

l:}% AL (7)& A8l Local Stride Lengtho] H++
A (8)xF o] Attt

Local Stride Length=

K—-1 (8
K 0 ZE Local Stride Length [1].

~

( )°] Local Stride Length&
o2 Apgsit} arjgogt 3l
Atste |, 23 571e
241 (9)9F o] W8 & Aste £ 2o Aloj] =
Q Aol Arsic,
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£ 24
EXlog

L r
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Mmax,i1+1 ~ Mmax, D (9)

1={1,2,...,K—1}.
a0k 24 (992 AHESl B F719) WRYS 44
(10)2+ Zo] Akt
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K— 1=1
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30fps
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V. Experimental Results

1. Dataset and Evaluation Protocol

2 Ao = Adteles Wl 452 U] Hsh
A, [SlolIA A7l 3R B3Y Ho]E] AEDE o] &3ich
471 o8 N Eojl= 1127389] A2 28 4% BMI
7J B0} 3xH H3Y glo]&7} Qltt. wdAtuict F 5719] 3
A 23Y go]ej7t 7128 =], ‘Personlb8' & H7]
oA P 4719 BaY glolEt AlFsict. Egt,
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2 17]9 4799] mPxto] thsliAl= 212} 238 Hlo]&7} 6
7 Alssic. 1 Zat glojE HIE U] 3A1d 238 Hlo]
B9} 7l & 56370
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Fig. 5. Distribution of 3—-D Gait Data According to the
BMI of the Subjects

1) Available: https://doi.org/10.13140/RG.2.1.3770.3205
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2 Ao M= WHOOIA FAJSEAL 9l BMIO] T ]
oA AR VRS ff)ra} AR v]et ©@A S 3EA=
Seggt). TAIEOEE, BMP} 25 Dlele] TR
Al%(Normal Welght> BMIZ} 25 o)dQl o= A
Z(Overweight),” BMIZ} 30 o]Ael mJAR= ‘v]gt
(Obesity) 02 -3t} 7 Zu} 23 boflaf &l 4~
=0l A A% ol sligslhe 3A1Y 23Y HlolE = 398
A, A1 Ol sigshe B3Y dlojEl= 13071, B|gHo|
OHUr F= dlol8e 3570t 1=l gAY Als IA]

W9k o] gk Ba8 dojEfol] tisiAl, 27} 0, 1,
24 o5 A= A

A &2](Preprocessing) M0 2, 3X}Y W3Y Ho|g =
Ve 553 A 593 54 ARY AR 57 SFo
OisiA] E&3HStandardization)S 488sf, 2t EAS A

Tieteict 5t Aleid 2w0] AulsKGeneralization)
5 =E517] YA, 4-3 RF AS(4-Fold Cross
Validation)2 488sic}. 72]11 A= 1Mo Alz{d &
2] stojmjuj2tu]8 Fd(Hyperparameter Tuning) 1}
He M3, 2% 2 59 A5 stolmintelo)e) £3
A ik WA ElolEle] 80%S ALgalo] d-
Z seggilon], YAl 20%2] HolE= 4-33
5 59 5 slojmu2to)e 2=ste 215 nidle
S Wt o) AR83cH36-52)

& Aol 7HA 22 AlE, 2AlE, Bleh
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Table 3. Simulation parameters

Class Name: ClusterCentroids

sampling_strategy ‘auto’
voting ‘auto’
Class Name: NearMiss
sampling_strategy ‘auto’
version 1
n_neighbors 3
n_neighbors_ver3 3
Class Name: RandomUnderSampler
sampling_strategy ‘auto’
replacement False

Class Name: RandomOverSampler

sampling_strategy \ ‘auto’
Class Name: SMOTE
sampling_strategy ‘auto’

k_neighbors 5
Class Name: ADSYN

sampling_strategy

n_neighbors 5

2. Results

= ﬁ—_r“)ﬂ/ﬂh Imbalanced-learn
S &8st 71K19] dnAiEd 7]
L} 37}7‘]4 QuAREY 7ol Ojol A¥-g e8sion,

F 7199 o] 33t 2 =wollAl9] =7]H(Notion) & 29
A= it Eot 71HE upefole] Ak & 300 AlA|
g} 9lony, mztojefd oju]: Imbalanced-learn 2}o]E.
22} FA] FHo]x|2)of|A &9l 7H55t

u:E

Macro-Average F1% §5 A5 WIHER A83ih  £8 2 @l 3812 93 dle] 713 BMl 53
E3t, 7geh=(Accuracy, ACC)= F7IX|E=2 ARESICY. 7|04 Kol HolH2RE &5t QA 57t 54 AF
o AlIA 54 SFOl §842 WBeb] ool 2t 57
Table 2. Undersampling and oversamling techniques o] HAlz{d T@o] BMI & Astrof 0]X|= FJFE of
Type Name Notation %Eﬂo]}?j ﬁq—i %OH %}ﬂlgﬁq O]% ‘?46‘]1}\1‘ % ﬁq‘oﬂ
Under- Cluster Centroids u1 A= k-NN, SVM, S mHAE(Random Forest, RF),
Under- Near Miss U2 ANAEZ Ef|(Extra Trees, ET), Jgo|TdE HAHE
Under- Random Undersampling U3 (Gradient Boosting, GB), 8]&1%4 7]1‘3_]. 131]0]114?_15
Over- Random Oversampling o1 H AEBl(Histogram-Based Gradient Boosting, HGB)2]
Over- SMOTE 02 _ iU oole xLesy o oly
E. = o -
Over- ADASYN 03 6714 ‘31 Al @ElS Al8Sict scikit-learn 2to]E.
313.3 2t 85 71— El:ﬂg AH/H@HOD:] 0_1_-1\1 7]%‘6‘]— 4_7:1
@A A5 2 slolmmelole £YS 4] i,
HalvingGridSearchCV 42 AFRSHCE B Lo A] A|
QIte ol Wt ARS U P wE 22 =
2) Available: https://imbalanced-learn.org/stable/index.html#
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(Source Codes), A1 U%%(Manual), A% AFIES
L5 AAY] 15| B(Github)ol]l S70=l ATt

Table 4. Results of ablation study 1. For each sampling
method, the best records are highlighted in bold. The

highest values across sampling methods are
highlighted in red.
Macro-Average
Method ACC
TPR PPV F1
kNN 0.8103 0.6246 0.6685 0.7257
SVM 0.7120 0.5670 0.6020 0.6460
U1 RF 0.7641 0.5666 0.5832 0.6460
ET 0.6458 0.5201 0.4493 0.4867
GB 0.6982 0.5787 0.6145 0.6903
HGB 0.7170 0.5294 0.5510 0.6195
kNN 0.6506 0.4586 0.4572 0.4602
SVM 0.4975 0.4116 0.4180 0.5221
U2 RF 0.5466 0.3943 0.4006 0.4602
ET 0.4905 0.3989 0.3771 0.4336
GB 0.4693 0.3750 0.3570 0.4071
HGB 0.5163 0.4059 0.3895 0.4513
kNN 0.6590 0.4813 0.4423 0.4779
SVM 0.8071 0.6328 0.6622 0.6637
U3 RF 0.6494 0.4881 0.4629 0.5310
ET 0.6285 0.4934 0.4398 0.4867
GB 0.6271 0.5291 0.5540 0.5575
HGB 0.6670 0.4851 0.4649 0.5133
kNN 0.8651 0.7154 0.7667 0.8053
SVM 0.7905 0.8264 0.8043 0.8496
01 RF 0.7902 0.8825 0.8175 0.8673
ET 0.8035 0.9051 0.8120 0.8584
GB 0.6520 0.9085 0.7222 0.8319
HGB 0.7910 0.8562 0.8085 0.8319
kNN 0.9026 0.8038 0.8395 0.8850
SVM 0.8638 0.8591 0.8571 0.8761
02 RF 0.7727 0.8275 0.7933 0.8673
ET 0.8679 0.8555 0.8506 0.8850
GB 0.7944 0.9307 0.8415 0.8761
HGB 0.7516 0.8554 0.7945 0.8407
kNN 0.9112 0.7993 0.8414 0.8850
SVM 0.8423 0.8606 0.8418 0.8673
03 RF 0.8373 0.8642 0.8426 0.8938
ET 0.8721 0.8725 0.8585 0.8938
GB 0.7905 0.8362 0.8073 0.8496
HGB 0.7387 0.8027 0.7664 0.8319
1) Anthropometric Feature
A S oflZ2o]d AF=, o7|A= $A6 (1), (3)e=
Ve 23 20700) R4 PHE A 598 57 e
AFRES P83 viAled g FHstn, BMIS R
297 3ok ' 4= AFTRE E8312 1), A0AEd &
ouEa J1Y FR9 AR 2 FRd e 45
Wy} A2 Wolzcy 7 49] Wt Ate) wj2w, 374K

ACAEY 7o) HEHL tEct V| eI |

To M2

ol
A

Hol A2 off, 671K HAl2ld 2F 2EofA BMI &
]

o
7 450l PHEL A WAY 2
83l =

Andersson et al.o] &
gAlZ=] = U39 sidstn, U7 ARRSiS o 71 &
N H"g Hol Haleld 2 SVMoz Aeth=
0.522199c}, 37}1x] ogAl=Ea] 7]¥ ZHoal= U10]
2 of, k-NN 2o Jete 0.72572 714
& BSIth i) QUIEY 1Y S 00
< 0l, RF} ET 2elo] <tk 0.8938% 71 ¢
=2 Hart I3 62 1 49] = O o
719 HAlY 29 Afo]o] m&F ZoA 7MY} =
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s 6HA1 ojjAl=2] 7]
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Fig. 6. The Highest Accuracies among All
Combinations in Ablation Study 1

2) Spatiotemporal Feature

£ ) ool AToIAE 241 (6), (8), (1), (12)
298 23, 419 Q42 TE AR 54 W SF
ghe 23] vlilely RS EAGL BMIS HRT £
A e X 5& SPURS 2GRS O, ATMIL & ©
BAIES 71 S8R9} olileld B 550 02 45 3
7b Aare wolEtk & 59 Wt Zuo] nad, ofe
oW A oS alot RN il Sz o
¥ol A§512 gt A QBpEE 7ol HEFIS
o, 671] ojplehd B Dol BMI 8 A0l T4

B 3 BRY 4 YUk SRS AFS ALSS wo}
ulmsto] SFRo2 oAlRlg RS £ 9 WKL 0
B8 s]o] MgEIciatE ojAl2ly Beo] BM
5ol Aubso 2 3 Sl Yol I ACEY

718 FolAte Ulo] Mg5e 1 GB 2 T2)w U3}

3) https://github.com/beom-kwon/improving-bmi-classification-accuracy
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Table 5. Results of ablation study 2. For each sampling
method, the best records are highlighted in bold. The

ol
®

0.6 0.5664

0.3982

S
»

Classification Accuracy

0.2

0.0 -

Ul+GB  U2+kNN U3+RF  O1+HGB 02+SVM O03+SVM

Fig. 7. The Highest Accuracies among All
Combinations in Ablation Study 2

Table 6. Results of ablation study 3. For each sampling
method, the best records are highlighted in bold. The

highest values across sampling methods are
highlighted in red.
Macro-Average
Method ACC
TPR PPV F1

kNN 0.4400 0.3410 0.3048 0.3628

SVM 0.4198 0.4152 0.2406 0.2655

U1 RF 0.4315 0.3758 0.3101 0.3451

ET 0.3980 0.3641 0.2520 0.2743

GB 0.4653 0.3657 0.3352 0.3982

HGB 0.3291 0.3166 0.2324 0.2566

kNN 0.3494 0.3894 0.2866 0.3186

SVM 0.3895 0.3988 0.2185 0.2566

U2 RF 0.2614 0.3374 0.1691 0.1681

ET 0.2565 0.3256 0.1941 0.1947

GB 0.3174 0.3366 0.1908 0.1947

HGB 0.3408 0.3660 0.2759 0.3186

kNN 0.4657 0.4020 0.3282 0.3805

SVM 0.3245 0.3683 0.2089 0.2478

U3 RF 0.4132 0.3710 0.3181 0.3982

ET 0.4222 0.3643 0.3188 0.3805

GB 0.4365 0.3610 0.2869 0.3186

HGB 0.3769 0.3454 0.2346 0.2655

kNN 0.3210 0.3299 0.3096 0.4425

SVM 0.5539 0.4633 0.4555 0.5133

01 RF 0.3585 0.3588 0.3516 0.5221

ET 0.3144 0.3200 NaN 0.5575

GB 0.3837 0.3576 0.3673 0.5752

HGB 0.4308 0.4306 0.4307 0.6018

kNN 0.3343 0.3228 0.3079 0.4336

SVM 0.5443 0.4590 0.4589 0.5664

02 RF 0.3945 0.3490 0.3462 0.4690

ET 0.4416 0.3957 0.3816 0.4956

GB 0.2939 0.3279 NaN 0.4956

HGB 0.4364 0.3884 0.3860 0.5398

kNN 0.3989 0.3589 0.3416 0.4602

SVM 0.5023 0.4200 0.4093 0.4956

03 RF 0.4948 0.3964 0.3687 0.4425

ET 0.4945 0.3961 0.3713 0.4602

GB 0.4337 0.3610 0.3476 0.4602

HGB 0.4859 0.3833 0.3662 0.4602
Aeels o RF 2dlo] Rt Aste (.39822 7
gt = HAT I euAEd 71H SollA= Olo]
Aeels o, HGB “Ho] Aste (0.60182 7MY L4351
452 uoITh 13 72 & 50| ACiZY 3 oujz
B 71 Haleld 22 Atolo] R FolA TP =2
Netes PHYY xS Fo gojaeize Azsst
2 | AFZ 8ol of2old A 19] 2

i
&gl
il
i
8
wlo
8 L

highest values across sampling methods are
highlighted in red.
Macro-Average
Method ACC
TPR PPV F1

kNN 0.8151 0.6158 0.6566 0.6991

SVM 0.6965 0.5255 0.5501 0.5575

U1 RF 0.7266 0.5290 0.5262 0.5664
ET 0.7391 0.5565 0.5821 0.5929

GB 0.6822 0.5485 0.5760 0.6195

HGB 0.5982 0.4460 0.4302 0.4779

kNN 0.6378 0.4465 0.4532 0.4513

SVM 0.5361 0.4694 0.4646 0.5310

U2 RF 0.6288 0.4413 0.4535 0.4690
ET 0.6462 0.4636 0.4799 0.4690

GB 0.4830 0.3783 0.3669 0.3805

HGB 0.5984 0.4159 0.4258 0.4779

kNN 0.7651 0.5557 0.5554 0.5929

SVM 0.8109 0.6641 0.6980 0.6903

3 RF 0.7218 0.5307 0.5330 0.5929
v ET | 05397 | 04354 | 03391 | 03717
GB 0.6235 0.4747 0.4771 0.5133

HGB 0.5934 0.4620 0.4360 0.5044

kNN 0.9234 0.8904 0.9002 0.9292

SVM 0.8804 0.9474 0.9044 0.9115

01 RF 0.8292 0.9291 0.8562 0.8761
ET 0.8462 0.9565 0.8767 0.8938

GB 0.6648 0.8500 0.7182 0.8407

HGB 0.8038 0.8648 0.8218 0.8407

kNN 0.9074 0.7608 0.8124 0.8584

SVM 0.8423 0.8877 0.8589 0.8673

02 RF 0.8763 0.9304 0.8966 0.9027
ET 0.8638 0.8292 0.8312 0.8761

GB 0.7905 0.8621 0.8217 0.8496

HGB 0.8343 0.8061 0.8184 0.8319

kNN 0.9196 0.8314 0.8665 0.9027

SVM 0.8423 0.8877 0.8589 0.8673

03 RF 0.8513 0.8241 0.8359 0.8496
ET 0.8811 0.8273 0.8492 0.8761

GB 0.8471 0.8092 0.8268 0.8407

HGB 0.8468 0.8694 0.8564 0.8584
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3) Anthropometric and Spatiotemporal Features
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7 IEAEE 71Rol AEsE WS ] QudE
F 7Idol H8stE o, 67M] tAled 2 R0l
BMI 25 AMLo] AL = 718 HAkst 4 9lolt) E
AFSHS ALgSI7ILE SFRHS ALg ol 90t v
AFS} SFZ @ AHESiA tialeld 22
= . BMl 2704 SOTA d52 2748
ol SOTA d5-2 & 604 O1°] Hgsi= o, k-
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