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Hot Place Detection Based on ConvLSTM AutoEncoder Using
Foot Traffic Data
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Abstract

Small business owners are relatively likely to be alienated from various benefits caused by the change to a big da-
ta/Al-based society. To support them, we would like to detect a hot place based on the floating population to support
small business owners’ decision-making in the start-up area. Through various studies, it is known that the population
size of the region has an important effect on the sales of small business owners. In this study, inland regions were
extracted from the Incheon floating population data from January 2019 to June 2022. the Data is consisted of a grid
of 50m intervals, central coordinates and the population for each grid are presented, made image structure through
imputation to maintain spatial information. Spatial outliers were removed and imputated using LOF and GAM, and
temporal outliers were removed and imputated through LOESS. We used ConvLSTM which can take both temporal
and spatial characteristics into account as a predictive model, and used AutoEncoder structure, which performs outliers
detection based on reconstruction error to define an area with high MAPE as a hot place.

B Keyword : Foot Traffic, Hot Place, Anomaly Detection, Imputation, ConvLSTM AutoEncoder
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1. o] &7 uj7

2.1 LOF

Local Outlier Factor(LOF)[7]+ density based
anomaly detection B} & 3}UtE, dlo]g| o] =
A2 AHE o] 83lo] ZF L=2H oA A

£ score2 UERHTE o A0k A A
Abetol Wes ek, @A EelEC] Wrmet
7W7he- ERIEES W E Hlaste] @A) 221
=6 WS R@5 o) At epaich
A dlofel o] R =
ol HRyLS ol galu R A9 selS 2 o}

3 4 otk el gtk

(¥ 1) Local Outlier Factor &112|&

for p=1to n do
k —dist = k —th nearest distance at x,

N,(p) ={qd(p.q) < k—dist)
for ¢in N, (p) do
RD, (pq) = maX{k —dist,d(xi,xq)}
Y. RD,(p.q) ]
aEN,(p)
IV, (p)

1
Ird,(q)
1, 7 2, T

IV, (p)l

Ird,(p) =

LOF,(p) =

k—dist= @A ZRIE z, o KHA R 717k
Wzke] Azlolm, N z,0] Azlzb
k—dist oJstQl Fo| Fgoltt. A N, (p) ol &
Sl= YUAE ¢ & ul reachability distance
(RD,(p.9)) e k—dist®} z,, z, Ato]2] A2l F
= Z7F2 oJu|shH, local reachability distance
(rd,(p))= N, (p) ol &= 2,2 RD,(p.q) & B
ol a5 7 gholth A9 o2 LOF,(p)
Elrd, (@)Y BHS rd,(p) 2 Y o2, F
¥ EQlEe] WiEel 5,0 Wro| u &S ojulat
th LOF,(p) S 71Z20 =2 7} LQIEQ] oAk

o8 A5t go] 1Mt B4 FIT of
APR 2 i
2.2 GAM

QU571 2 3 (Generalized Additive Model,
GAM)[8]S UHI3}HA 3 X 5 (Generalized Linear
Model; GLM)2 & A]7] o2, GLMoA =
o] sl A= Ud AF wAS GAMO
e HRSY S ol gd A Lo B
AsbaA 2

b
Y=fy+ Y f;(X) +ee~ N0.0%) (1)
j=1

foe 239 HH, pe =9 WY T,
/;(X;) = unspecified nonparametric function©]
H, f& F4317] 93l cubic spline E+= thin
plate spline %0 H] WA s A}esi)

olnf 7,(X;)E F43}7] I3l backfitting algo-
rithm& ]-—8—5(}1’4- backfitting algorithm2 =

LX) E 2788 £,(X) 5 AelE el
OGS TEAD B HAAEGE B
F(X)E B o, ofget T,

(¥ 2) Backfitting &112|&

Initialization f,=E(Y).fj = 0,...,fé =0,m=0
for m:=m+1 do
forj=11+¢ p do

b
R=Y—f,— Zfﬁ(x Y. f"’ Y
k=]=

RSS = Avg(Y—f,— ij” (X;))?
i=1

if RSS <threshold then

break
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2.3 LOESS

Ae Fa Al 2 deAd A E 39
9] XS AESt Local Regression(LOESS)+=
W5k FHY 22 BEAG disiA 29 &
A& pRlste] 712l FAE A olE
Eoll AA dlole o] HAAQl sfels vkdshH
NE SRAQ B4E % E2T 4 ek

LOESSE 7012 glo]e] WAl kel 7}
7 dlole s Aust, o]% olgatel 7154

= O LOESS: 71 Hae
g te] 3741 2Aslay), 7S glo]E
o2 ¢ o 7128 Hodith 7= Hit

(¥ 3) Local Regression &¥12|&

1. Gather the fraction s<—%/» of training points whose

x; closest to x,
2. Assign a weight K, = K(x,,2,) to each point in

this neighborhood, so that the point furthest from
x,, has weight zero, and closest has the hight weight.

All but these %k nearest neighbors get weight zero.
3. Fit a weighted least square regression of the y; on

the x; using the aforementioned weights, by finding

B, and B3, that minimize.

ZKO(yi_BO_ﬁlx[>2

i=1
4. The fitted value at x, is given by
]?(x()) = 18,;)—’_ B,\lx()

L md Aol A§d z, e el g
O

& Gerael o A055 @

2 B2 smoothd| Ath K& x,9} md o] A}
£d A Aol9] Ao g 7HSAE HEhdth

24 LSTM

LSTM(Long Short Term Memory)[14]-> RNN
(Recurrent Neural Network)[15]9] 3tA & st
ol 7] o4 BAE IRty 915 Aok
g dezdog 7|E HAHE Jlgdsh 4~ Qe
& AA = FAAL BlolEE 283 Q1
= yos A4 B
[10], ARIMA[11] 52 4 A2 A AL o2 v
e A8 5 gout BAH a(KI7 ¥
TFHA, B2 AR wek o] 2 ol
£ S5A717100E e Al RS o83 o
= wlo] o ARt 53] 47 AAD 6l
AN B AAY LR A o
U LSTMO| Erhar g A

H(Exponential Smoothing)

LSTM2 ¥ Alo| E(input gate), &2+ #|°]
E(forget gate), =2 A|©]E(output gate)2} Al AF
E(cell state)2 LAFCE AZH AO|EE F3
@74} 92 lo|EE kit A Aleel] 37k

L X

AA3 wzk Ao|EE E3) o)A Al A
ofil ng ReA AR A AEE 54
Ax) el 2% ARE S 2 A
(hidden state) = B3| o} EFl 2glo Yu
g dgdt oY 128 5o YY) EHL
x%ﬂﬂ % 9l | 71 AIRF 2+ e JRE
AL AIAE HolE oA T3t el
HE A7) A24E AAEH 7.7 &4 24
= S| Asteh LSTMO] 2412 thgat o] Hd
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i, =o(W,z,+ Wh,_,+b,)

xi1

fi = a(W, 2% JrW;z/hz 1+bf)
C,=f o C_,+i, o tanh(W, x,+ W, h,_,+b,)
0, =0 Wy, + Wity + W, > G +y)

x0™1

h, =0, o tanh(C,)

= A AR S A dlofElolH i, 2 ©]
A A 29 AdE, G2 ol Al A A
gjolth. W, W, W, W,,+= inputo] T3t 715
A YFoln W, W, W, Wiz =9 7ol o
gt VA AE, W W, W= A AE EHUP
7HSA| WE, b, by, b, b= 220 biaso| Tk
Hadamard productE UEMJH, o= A] :LEO]E
43} T2, tanh = sjolmE e SHAIE Ty

o} g2 Uhehdic.

2.5 ConvLSTM

ConvLSTM[16]2 LSTM%} Convolutional
Neural Network(CNN)S Z3sE nEl 2 Al A<
tlolel W 2D FZF HlolElof] avpow A&
g 4= 9Jrh ConvLSTME F& oju]z] AJEA
o2, FGY BR, AAD dole 24 Fol
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i, =o(W, *x,+ W, *h,_, +0,)
fr=0(W, *a+ W, *h, 1+bf)
C =f, o C_,+i, » tanh(W,*z,+ W, *h,_, +b,)
— (W ot W h, W, - C+b)
ht:c), o tanh(C,)

olu] 7k 75 LSTM} SUate] * 2
A
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ar
=]

2.6 AutoEncoder

AutoEncoder—“f G oA ] HA|E= o<
% stutolm QAT el tigE A HT)
itﬂv‘: A dHolHE AAHY A 2t
(latent space) .= w5 s}tal, T = A &1t
o] #3S U dYgor FHgtch ojuf, FA)
a1 Qo] HlolH
o] 2+ 5‘1‘5\—9} 54 F=o 7835 ARgEH
25 ER =R

2o FE 2 A FLASEE Loss Functions
a3feh= Aotk o]Hgh
AutoEncoder+= oA+ &%, A} =4, olu]|x] &
Y 59 oheFe JooA &g
A did, "ad R 7 FoloE

ConvLSTM O 2 AJ3}13i

(a2l 1) ConvLSTM AutoEncoder /X

m. 4+ We

3.1 dlol8Al

Aol AREE dlolEAl2 20199 1HHEH
2022 6Y7HA] Q] BAIAF el Hlo]Elo]H
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(2! 2) KDE contour plot
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3.2.1 spatial anomaly detection

LOFE ol g3ko] 1 A5o] uls] ul444
07 Be ATHE V12T ARG N B
3t Y 2HE AlASHE T LOF= 1 score
710 heSg 2wl el Wish st
the A2 ofmistae PAEel doleeta
ate 1k 245 29 el W) vl 3
& ol wol Hol4 gk AL oujstn
oAz Axr7) Acta Tdstth LOF score?)
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i A8 0|85
5] ZAZA}9] LOF score”} 2
ol e oA R wetsto] AASHIT

3.2.2 spatial interpolation

7|& A5t 25212k LOFE &3l A7
B ARG xF, yEO| B AR A% w4
W4 BAZ B Fold 5 G GAME 53] &
T9lE AR -, A% ANE ARFOE of

A|5}o] spatial imputationS <=5}t HE
42 &= thin plate smoothing splineS ARE-31%.S.
™ GCV(Genralized Cross Validation)E g3l
smoothing parameterE %514 th 50m 9] 9]
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(1% 5) LOESS temporal imputaion

3.2.3 temporal anomaly detection
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L 364265 ConvLSTMo| LSTMo|| H]aj Ht}

(E 4) LSTMZ} ConvLSTM Z1} H|w

layers | kernel size RMSE
2 3.6427
LST™M -

4 3.7356
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ConvLSTM
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