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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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00O ) —

Fig. 2. Three—Dimensional Human Skeleton
Model Consisting of Twenty Joints
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oet ol 0] 7|28 k. & 1o)4 Be w
JRES AP W H(Pain?] BEE oJulstol
Jri€ g jE T} 2 o, 1

=
MNIRES] FHF o] 5, )+ A (1) Zo] Akt
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1
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
h [TL]: 8(172) TL] + 5(2 11) [TL] + 8(11 12) [TL]
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+ (sasan [nl+ 506,15 [0])/2. (2)
AL (2014 s [Inl & & B2 (i,5)€ Bl 9lsf 4
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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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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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A
£ 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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(11)2t o] D97t X(Second)?l ¥ed 27](H¢7F =2
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30fps
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B2 EAo2 AL Tk 24 (GRVE P
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71 71eet B4 3F S 3R 23 HlojE AIE
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22t 2L 29 2AVE e dEHH 29 =
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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,
‘Person034,” ‘Person036,” ‘Person053,” ‘Person096 O
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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Value(PPV), F, Score(F1)& ZZt AAtstal, o] 3HE9]
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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 Vb 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} =
S 2N =22 7 Uiz Aot
s 6HA1 ojjAl=2] 7]

©° BMI 22 At
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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 o 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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@ 4 71 stk & 62 AFS} S 9] 2l . o
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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-
Slo] &% 092922 DT Aol EHIE 4 9l
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Combinations in Ablation Study 3

VI. Limitations

B]gF ol oet BMI 7|& pAle MGl w2t o2
o, & Hollre =7tatct o2, 73 8, Hol(#
of, 4 S)oll m2tAE BMI 7% RIS 23l vl
WIS Qlot. & AtollA ARgeh Bel glojH AlEdl=
112799] mPAt= 58 »4e BMI Pt By HlojEjrt
Atk 11279] oAt FollAf Fdat ofde 27 755,
37golct. 12]1 mAte] wol= 17417 4547kK] o]
o], Fat Uols 21.52A0lct. FEPAAE, QIEol et
AR 7159 A &tk oA & A9 Avke o
S AF UoldS 2] Zoh HloJE] NIES o]-&3l
EEStE SAES A ok 29l of2feh SIS
2 Qs & AoA Alshs 7lee 289 54 AF
EL UrOIEJH BMIE #% 5}% glofl= Agtol et wabA
TFolME ot AF Holdholl disiA Eu
BMI JEQ} Hef dlojy NIES #5514, ol EH= A
sl AFE oo rtaLAL gt

VII. Conclusions

olE] Z]8k BMI 27 71%
g 3 Qle wpe Aokt ol
BR| 71& Q1PN BMI B8 Rele Uord
w3 tole] AlE

10 g Mo

o 29U 2
u ooy H
Mol 4 G =
o)

u rr

w

S

rO

o&L‘

in}

o o2

Ol'

P
Ao -
|4 r
i)
=
|
rie
rO
rlo

& o

o
in
oz &

d
u:E
f o _kE

oo
re
a
o MH

i)
)
52
ia)
£
)
re
o)
iy
S
>

22 E o
ox
il
ol
N
)

o
)
oo
:Oxl_l“
ulu
&
[ >
e
=l
ok
Mo oml ol
ol
N

>

nY 2 2> o e wu 1o
=,
i
ol
==

o
=
l—O

O

==1
o

ol
——

o i o @ 1> b

=
>,
oo
T3
i)
=
=)
ru
rg
fo
£

= ooz

oX olt

N
Pl

ol
——

ox,

N
==

w
o oXx oo ofo = ofr &
_[x, S
ox
NI
1

oo 2 do
r ox

o] I,



Improving BMI Classification Accuracy with Oversampling and 3-D Gait Analysis on Imbalanced Class Data 21

ACKNOWLEDGEMENT

This study was supported by the Dongduk
Women's University grant in 2024.

REFERENCES

[1] G. Muscogiuri et al., “Obesity: A gender-view,” J. Endocrinol.
Invest., Vol. 47, pp. 299-306, Feb. 2024. DOI: 10.1007/s40618-
023-02196-z

[2] J. H. Jeong et al., “DeepHealthNet: Adolescent obesity prediction
system based on a deep learning framework,” IEEE J. Biomed.
Health Inform., Vol. 28, No. 4, pp. 2282-2293, Apr. 2024. DOL:
10.1109/JBHI.2024.3356580

[3] Y. Han, H. Sung, Y. Choi, and Y. S. Kim, “Trends in obesity,
leisure-time physical activity, and sedentary behavior in Korean
adults: Korea national health and nutritional examinations survey
from 2014 to 2021,” PLoS One, Vol. 19, No. 1, pp. 1-15, Jan.
2024. DOI: 10.1371/journal.pone.0296042

[4] D. Mohajan and H. K. Mohajan, “Body mass index (bmi) is a
popular anthropometric tool to measure obesity among adults,”
J. Innov. Med. Res., Vol 2, No. 4, pp. 25-33, Apr. 2023. DOIL:
10.56397/JIMR/2023.04.06

[5] K. Ricanek and T. Tesafaye, “MORPH: A longitudinal image
database of normal adult age-progression,” in Proc. 7th Int. Conf.
Automatic Face and Gesture Recognit., pp. 341-345, Southampton,
UK, Apr. 2006.

[6] Q. Peng, C. Zheng, and C. Chen, “A dual-augmentor framework
for domain generalization in 3d human pose estimation,” in Proc.
[EEE/CVF Conf. Comput. Vis. Pattern Recognit., pp. 2240-2249,
Seattle WA, USA, Jun. 2024.

[7] Z. Jiang et al., “Back to optimization: diffusion-based zero-shot
3d human pose estimation,” in Proc. IEEE/CVF Winter Conf.
Appl. Comput. Vis., pp. 6142-6152, Waikoloa, Hawaii, Jan. 2024.

[8] S. Mehraban, V. Adeli, and B. Taati, “MotionAGFormer: Enhancing
3d human pose estimation with a transformer-genformer network,”
in Proc. IEEE/CVF Winter Conf. Appl. Comput. Vis., pp. 6920-6930,
Waikoloa, Hawaii, January 2024.

[9] V. O. Andersson, L. S. Amaral, A. R. Tonini, and R. M. Araujo,
“Gender and body mass index classification using a Microsoft
Kinect sensor,” in Proc. 28th Int. Florida Artificial Intelligence
Res. Society Conf., pp. 103-106, Hollywood, FL, USA, May 2015.

[10] V. Coetzee, J. Chen, D. L. Perrett, and 1. D. Stephen, “Deciphering
faces: Quantifiable visual cues to weight,” Perception, Vol. 39,
No. 1, pp. 51-61, Jan. 2010. DOI: 10.1068/p6560

[11] D. D. Pham et al., “Body mass index and facial cues in sasang

Evid.-based

typology for young and elderly persons,”

Complement Altern. Med., Vol. 2011, No. 1, pp. 1-9, Feb. 2011.
DOL: 10.1155/2011/749209

[12] L. Wen and G. Guo, “A computational approach to body mass
index prediction from face images,” Image Vis. Comput., Vol.
31, No. 5, pp. 392-400, May 2013. DOL: 10.1016/j.imavis.2013.
03.001

[13] E. Kocabey et al., “Face-to-bmi: Using computer vision to infer
body mass index on social media,” in Proc. Int. AAAI Conf.
Web and Social Media, pp. 572-575, Montreal, Canada, May
2017.

[14] P. N. Aarotale, T. Hill, and A. Rattani, “PatchBMI-Net:

Lightweight facial patch-based ensemble for bmi prediction,” in
Proc. IEEE Int. Conf. Bioinformatics and Biomed., pp.
4022-4028, Istanbul, Turkiye, Dec. 2023.

[15] H. Bipembi, J. B. Hayfron-Acquah, J. K. Panford, and O. Appiah,
“Calculation of body mass index using image processing
techniques,” Int. J. Artif. Intell. Mechatron., Vol. 4, No. 1, pp.
1-7, Jul. 2015.

[16] J. D. Amador, J. Espejel Cabrera, J. Cervantes, L. D. Jalili, and
J. S. Ruiz Castilla, “Automatic calculation of body mass index
using digital image processing,” in Proc. 5th Workshop on
Engineering Appl., pp. 309-319, Medellin, Colombia, Oct. 2018.

[17] A. Pantanowitz et al., “Estimation of body mass index from
photographs using deep convolutional neural networks,”
Informatics in Medicine Unlocked, Vol. 26, pp. 1-8, Sep. 2021.
DOI: 10.1016/j.imu.2021.100727

[18] S. Kim, K. Lee, and E. C. Lee, “Multi-view body image-based
prediction of body mass index and various body part sizes,” in
Proc. IEEE/CVF Conf. Comput. Vis. Pattern Recognit., pp.
6033-6040, Vancouver, Canada, Jun. 2023.

[19] Z. Jin et al., “Attention guided deep features for accurate body
mass index estimation,” Pattern Recognit. Lett., Vol. 154, pp.
22-28, Feb. 2022. DOIL: 10.1016/j.patrec.2022.01.002

[20] N. U. Niaz, K. N. Shahariar, and M. J. Patwary, “Class imbalance
problems in machine learning: A review of methods and future
challenges,” in Proc. Int. Conf. Comput. Advan., pp. 485-490,
Dhaka, Bangladesh, Jan. 2022.

[21] K. Ghosh et al., “The class imbalance problem in deep learning,”
Mach. Learn., Vol. 113, pp. 4845-4901, Jul. 2024. DOI: 10.1007/
$10994-022-06268-8

[22] S. Goswami and A. K. Singh, “A literature survey on various
aspect of class imbalance problem in data mining,” Multimed.
Tools Appl., pp. 1-26, Feb. 2024. DOIL: 10.1007/s11042-024-
18244-6

[23] Y. Chen, W. Pedrycz, J. Wang, C. Zhang, and J. Yang, “A new
oversampling method based on triangulation of sample space,”
IEEE Trans. Syst. Man Cybern.-Syst., Vol. 54, No. 2, pp.
774-786, Feb. 2024. DOL: 10.1109/TSMC.2023.3319694

[24] W. Pei et al., “A survey on unbalanced classification: How can



22 Journal of The Korea Society of Computer and Information

evolutionary computation help?” IEEE Trans. Evol. Comput.,
Vol. 28, No. 2, pp. 353-373, Apr. 2024. DOI: 10.1109/TEVC.
2023.3257230

[25] Z. A. Huang, Y. Sang, Y. Sun, and J. Lv, “Neural network with
a preference sampling paradigm for imbalanced data
classification,” IEEE Trans. Neural Netw. Learn. Syst., Vol. 35,
No. 7, pp. 9252-9266, Jul. 2024. DOI: 10.1109/TNNLS.2022.
3231917

[26] P. Abdelnour et al., “Comparing the drop vertical jump tracking
performance of the Azure Kinect to the Kinect V2,” Sensors,
Vol. 24, No. 12, pp. 1-12, Jun. 2024. DOI: 10.3390/s24123814

[27] B. Kwon et al., “Implementation of human action recognition
system using multiple Kinect sensors,” in Proc. Pacific-Rim Conf.
Multimed. (PCM), pp. 334-343, Gwangju, Republic of Korea,
Sep. 2015. DOIL: 10.1007/978-3-319-24075-6_32

[28] B. Kwon, J. Kim, and S. Lee, “An enhanced multi-view human
action recognition system for virtual training simulator,” in Proc.
Asia-Pacific Signal Inf. Process. Assoc. Annu. Summit Conf.
(APSIPA ASC), pp. 1-4, Jeju, Republic of Korea, Dec. 2016.
DOI: 10.1109/APSIPA.2016.7820895

[29] B. Kwon et al., “Implementation of a virtual training simulator
based on 360° multi-view human action recognition,” IEEE
Access, Vol. 5, pp. 12496-12511, Jul. 2017. DOIL: 10.1109/
ACCESS.2017.2723039

[30] B. Kwon and S. Lee, “Human skeleton data augmentation for
person identification over deep neural network,” Appl. Sci., Vol.
10, No. 14, pp. 1-22, Jul. 2020. DOI: 10.3390/app10144849

[31] B. Kwon and S. Lee, “Ensemble learning for skeleton-based body
mass index classification,” Appl. Sci., Vol. 10, No. 21, pp. 1-23,
Nov. 2020. DOI: 10.3390/app10217812

[32] B. Kwon and S. Lee, “Joint swing energy for skeleton-based
gender classification,” IEEE Access, Vol. 9, pp. 28334-28348,
Feb. 2021. DOIL: 10.1109/ACCESS.2021.3058745

[33] B. Kwon, J. Huh, K. Lee, and S. Lee, “Optimal camera point
selection toward the most preferable view of 3-D human pose,”
IEEE Trans. Syst. Man Cybern.-Syst., Vol. 52, No. 1, pp.
533-553, Jan. 2022. DOL 10.1109/TSMC.2020.3004338

[34] B. Kwon and T. Oh, “Multi-time window feature extraction
technique for anger detection in gait data,” Journal of the Korea
Society of Computer and Information, Vol. 28, No. 4, pp. 41-51,
Apr. 2023. DOL: 10.9708/JKSCI.2023.28.04.041

[35] B. Kwon, “Gait-based gender classification using a correlation-based
feature selection technique,” Journal of the Korea Society of
Computer and Information, Vol. 29 No. 3, pp. 55-66, Mar. 2024.
DOI: 10.9708/JKSCI1.2024.29.03.055

[36] B. Kwon and Y. W. Chung, “An improved energy saving scheme
in IEEE 802.16¢,” Journal of Korean Institute of Information
Technology, Vol. 10, No. 8, pp. 43-51, Aug. 2012.

[37] B. Kwon, J. Park, and S. Lee, “A target position decision

algorithm based on analysis of path departure for an autonomous
path keeping system,” Wirel. Pers. Commun., Vol. 83, pp.
1843-1865, Aug. 2015. DOIL: 10.1007/s11277-015-2485-0

[38] B. Kwon, S. Kim, H. Lee, and S. Lee, “A downlink power control
algorithm for long-term energy efficiency of small cell network,”
Wirel. Netw., Vol. 21, pp. 2223-2236, Oct. 2015. DOIL
10.1007/511276-015-0907-2

[39] B. Kwon, J. Park, and S. Lee, “Virtual MIMO broadcasting
transceiver design for multi-hop relay networks,” Digit. Signal
Prog., Vol. 46, pp. 97-107, Nov. 2015. DOIL: 10.1016/j.dsp.2015.
08.003

[40] B. Kwon et al., “Framework implementation of image-based
indoor localization system using parallel distributed computing,”
The Journal of Korean Institute of Communications and
Information Sciences, Vol. 41, No. 11, pp. 1490-1501, Nov.
2016. DOI: 10.7840/KICS.2016.41.11.1490

[41] B. Kwon, S. Kim, D. Jeon, and S. Lee, “Iterative interference
cancellation and channel estimation in evolved multimedia

filter-bank
multicarrier-quadrature amplitude modulation,” IEEE Trans.
Broadcast., Vol. 62, No. 4, pp. 864-875, Dec. 2016. DOI:
10.1109/TBC.2016.2617294

[42] B. Kwon, M. Gong, and S. Lee, “Novel error detection algorithm
for LZSS compressed data,” IEEE Access, Vol. 5, pp. 8940-8947,
May 2017. DOI: 10.1109/ACCESS.2017.2704900

[43] B. Kwon, S. Kim, and S. Lee, “Scattered reference symbol-based
channel estimation and equalization for FBMC-QAM systems,”
IEEE Trans. Commun. Vol. 65, No. 8, pp. 3522-3537, Augt 2017.
DOI: 10.1109/TCOMM.2017.2710310

[44] B. Kwon and S. Lee, “Effective interference nulling virtual MIMO
broadcasting transceiver for multiple relaying,” IEEE Access, Vol.
5, pp. 20695-20706, Oct. 2017. DOI: 10.1109/ACCESS.2017.
2752198

[45] B. Kwon and S. Lee, “Cross-antenna interference cancellation
and channel estimation for MISO-FBMC/QAM-Based eMBMS,”
Wirel. Netw., Vol. 24, pp. 3281-3293, Nov. 2018. DOIL
10.1007/s11276-017-1531-0

[46] B. Kwon, and S. Lee, “Error detection algorithm for

broadcast multicast system using

Lempel-Ziv-77 compressed data,” J. Commun. Netw., Vol. 21,

No. 2, pp. 100-112, Apr. 2019. DOI: 10.1109/JCN.2019.000021

[47] B. Kwon, H. Song, and S. Lee, “Accurate blind Lempel-Ziv-77

parameter estimation via 1-D to 2-D data conversion over

convolutional neural network,” IEEE Access, Vol. §, pp.

43965-43979, Mar. 2020. DOI: 10.1109/ACCESS.2020.2977827

[48] B. Kwon, M. Gong, and S. Lee, “EDA-78: A novel error detection

algorithm for Lempel-Ziv-78 compressed data,” Wirel. Pers.

Commun., Vol. 111, pp. 2177-2189, Apr. 2020. DOI: 10.1007/
s11277-019-06979-7

[49] B. Kwon and T. Kim, “Toward an online continual learning



Improving BMI Classification Accuracy with Oversampling and 3-D Gait Analysis on Imbalanced Class Data 23

architecture for intrusion detection of video surveillance,” IEEE
Access, Vol. 10, pp. 89732-89744, Aug. 2022. DOIL: 10.1109/
ACCESS.2022.3201139

[50] B. Kwon, M. Gong, J. Huh, and S. Lee, “Identification and
restoration of LZ77 compressed data using a machine learning
approach,” in Proc. Asia-Pacific Signal Inf. Process. Assoc.
Annu. Summit Conf. (APSIPA ASC), pp. 1787-1790, Honolulu,
HI, USA, Nov. 2018. DOIL: 10.23919/APSIPA.2018.8659755

[51] B. Kwon and H. Son, “Accurate path loss prediction based on
a neural network ensemble method,” Sensors, Vol. 24, No. 1,
pp. 1-20, Jan. 2024. DOL: 10.3390/524010304

[52] B. Kwon and E. Noh, “Path loss prediction using an ensemble
learning approach,” Journal of the Korea Society of Computer
and Information, Vol. 29, No. 2, pp. 1-12, Feb. 2024. DOL:
10.9708/JKSCI.2024.29.02.001

Authors

Beom Kwon received the B.S. degree in
’ \ electrical and electronic engineering from
=~ &,

Soongsil  University, Seoul, Republic of

2y
w\:» Korea, in 2012, and the M.S. and Ph.D.
‘ x . degrees in electrical and electronic

engineering from Yonsei University, Seoul, in 2018. From
March 2018 to September 2019, he was a Senior Researcher
at the Agency for Defense Development (ADD), Daejeon,
Republic of Korea. From October 2019 to August 2021, he
was a Staff Engineer at Samsung Electronics Company, Ltd.,
Suwon City, Gyeonggi Province, Republic of Korea. From
September 2021 to August 2023, he was an assistant
professor in the Department of Artificial Intelligence at
Dongyang Mirae University, Seoul. Since September 2023, he
has been an assistant professor in the Division of
Interdisciplinary Studies in Cultural Intelligence (Data Science
Major) at Dongduk Women's University, Seoul. His research

interests include artificial intelligence and its applications.



