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(Figure 1) Proposed Sensor Personnel
Counting Model(Example)
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(Figure 3) Normalization process for
utilizing training data(example)
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7] 2]¥&4(Long-Term Dependency)&A| & 3112 3l
THA HA] o|HES F3l v Ayl FTF
< SFZRE FEHEH WA, £
2} 2 & TR okl Ata o
A AR MdE A 2B ©]E(The
Cell State)2} Al F/F2] Alo]Eo|th A 2H0|E

+ Zdlolo] MES} o] HAE #Fst] d2
H7] 2o RS ALHORE v DA A
98 = A SFT LSTME o37]o) AlolE
(Gate)Tk 245 &-83t] ARE YAy A7
3k <A A O]E(Forget Gate)'= Al ~H o E
oA o' ARE wEA HdeEsErt. o|nf A o]
Eo] E¥gho] 1019 “FA”, 0] “AAE ¢
n] gt} Q13 Alo]| E(lnput Gate) = A HEE
Julo| ESA| AAst= ATS ot 2P o
23k F AlC|ES il o] A ZHo|EE dnt
U WEdA], Ag J4gd o) EHom dolxl
He drh A 2ol Eo Mg AA.
HFH 2 oF-3% Al°]E(Output Gate)'= 201
A 2HO|EE o= Ak whgER] AA 5o
At @ A= wkggi)

A|¢HEE CNN-LSTM slo]BE= By &
S o9 Figure 49} 2tk & AFol4E

LSTMol| A]

9

Output
(People Counting)

t
CNN-LSTM

Fully Connected Layer 2

v
Fully Connected Layer 1

LSTM Layer

Convolution Layer

4x4 Input Data(gray-scale)

(Figure 4) Flowchart of the proposed
CNN-LSTM hybrid model
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2017).
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(Table 1) Model Structure

type filterlsize/ input size | output size
stride
convolution 2x2/2 4x4x1 3x3x64
max_pool 2x2/1 3x3x64 2x2x64
LST™M LSTM(32) 32
LSTM LSTM(32) 32
fully connected | flatten(64) 64
Dropout(0.4)
fully connected flatten(1) 1

o

FCN2 64718 =EE FA4E 3 M9 To=
2okor, 32 FHOver-Fitting) S *A5}7] 93l
v g} Zof 40%2] Dropouts 283ttt} Aok
H 2de 64 Batch 7|2 F 100 (100
Epochs) 3153139 Th 815 & (Learning Rate)< ©
olH ¢ FRE w1ty 0012 AAIPoH,
AAZ JTE Ave A daeEY o=
e vlasted As WrHE skt

Figure 514 < AbE gaglse A5 HE
o AH&-H EB|2E dlolHol thdk +HgkS 1

LR HAZD xFE AAE ondty, yHe

ASE A 42 oul) 9% Tgrs WA
doleol o FAgolr, e85 g s )
2E HolHE $ENS W] oS5 AAR
o) Wla agelth. F I E BT A4 Held
o u)$ fARSIA AR 2 ST 4 9l

WA, B =Rl A ALET A Ao A%
He Bs) 98 AxelE HesH e 9

tolH & AMES $agFe 2AES SHEHA
th T9] Table 2+ Y HIolHE o2 7}
5071} 100719) FHoZ FAHE 3329 MLP Y]
E93 9 CNN, LSTM, RNN-LSTM< &85}
B2 oAeS Yepdth BE dag]Fe| o]
9 I2}u]E(Hyper -Parameter)= 29 45
s oz 2439y FAFHozE YES
8]z dAA HA FE 16~128702
HelA deista, golole] Aee 1~471¢] H
ellA ekt

Table 29 7} 2 ZF @318 g A¥ R,
MLP W E$] T2 Z9 2A-80] <F 4135%= 8t
&Fo] AF HA P BHES BT oo uk
RNN- LSTM EdoA 7} =2 %5
o, o] o8 AAARI & H
2 gehdn

yyyyyy

5400 5600 5800 6000 6200 6400 6600
time

2 Al-test, AW :target

(Figure 5) Performance comparison between actual and predicted values
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(Table 2) Comparison for Error Rates YA A A Z 3L Q) A4k dld o) e &g
without Data Preprocessing HpoLe ALY Aule] FLEE ZFakT 9lor
Method error rate(%) ThFe Anj2s mdo] 5 g S Fi Al=

MLP 4,135.2564% + Hlzy2x 2dS AEdua ok
LSTM 12.82051% 2 dAFdAE g 5750 F8ste As)
RNN-LSTM 7.771538% oA 2] HlHolHE 43 HEZ Au|x A
(Proposed)CNN-LSTM 8.35035% & Wete] RS FA ToT tufol2 7|4t
o] Aol A HRE B3 AT 53 Aol
Az 0w A7 3 HolE o] tha) MLP, g G5S F3, A F 4T /S
LSTM, RNN-LSTM =23} Hlm, #A=atach gelste] 882 HER AH2= AA FFof o]
Table 3014 Ko]xo] B} = tjn] & A5-of A R e b L e e
AT CNNLSTME] 50l 4% S g O THE e 2l deasy =g
Blsiget. ol 24 A pish gol el ¢ A5 A A A Mad A0
Aol o Wato] Ula T EAS o A O AR, 4w 38 EA 9 AAE
o= xA%  9le §40] LSTMY] <ol & CIEfel e A B4S S £ 5 3=
g0z waE Ave ¢ ok ma me ONWLSTM 28048l 22080] S 2.6%2 71
VEAZAA o HolE AeT Ao w8 S AE Asn], AUHE F A
o2}80] o WA Dolxl AL wmete] 2 = OVl B8-S EF -8 Hybrid Modelo] Al
o) AAE o] AMg Tty BHE 5= 9T}, A dlolEfel tlsl] 43 o= AsS eI S

I3t

T U1 A3k 247E BAUde

R o

(Table 3) Comparison for Error Rates =
with Data Preprocessing =, dxé )M IoT fnlo] A5 AX|3}e] dlo]

o

srgom, @77t +1E HolEE o

Method error rate(%) £
1gaigone B B9 Hgo o
2~F
T

MLP 14.7430% =l
LSTM 5.1282% 7_‘3% | FHEA FUth= ATE SA)gT) &F
RNN-LSTM 4.3741% 3 g Jabele] FxE 53 o7 84049 b

THE E 5 A=o =3
(Proposed)CNN-LSTM 2.5641% olf = B3l olol v ASES 5 A=
TG d7Folm, A AA 9 71Er AlA b
oE] (Wi-Fi, WSN 5)& B3 &-g3}o] 8% ]
JEE F7h T4, BY A% tha FHY
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Abstract

A Study on People Counting in Public Metro Service
using Hybrid CNN-LSTM Algorithm

Ji-Hye Choi* * Min-Seung Kim* + Chan-Ho Lee* -
Jung-Hwan Choi* - Jeong-Hee Lee** + Tae-Eung Sung***

In line with the trend of industrial innovation, IoT technology utilized in a variety of fields is
emerging as a key element in creation of new business models and the provision of user-friendly services
through the combination of big data. The accumulated data from devices with the Internet-of-Things (IoT)
is being used in many ways to build a convenience-based smart system as it can provide customized
intelligent systems through user environment and pattern analysis. Recently, it has been applied to
innovation in the public domain and has been using it for smart city and smart transportation, such as
solving traffic and crime problems using CCTV. In particular, it is necessary to comprehensively consider
the easiness of securing real-time service data and the stability of security when planning underground
services or establishing movement amount control information system to enhance citizens' or commuters’
convenience in circumstances with the congestion of public transportation such as subways, urban railways,
etc. However, previous studies that utilize image data have limitations in reducing the performance of object
detection under private issue and abnormal conditions.

The ToT device-based sensor data used in this study is free from private issue because it does not
require identification for individuals, and can be effectively utilized to build intelligent public services for
unspecified people. Especially, sensor data stored by the IoT device need not be identified to an individual,
and can be effectively utilized for constructing intelligent public services for many and unspecified people
as data free form private issue.

We utilize the IoT-based infrared sensor devices for an intelligent pedestrian tracking system in metro

service which many people use on a daily basis and temperature data measured by sensors are therein
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transmitted in real time. The experimental environment for collecting data detected in real time from sensors
was established for the equally-spaced midpoints of 4x4 upper parts in the ceiling of subway entrances
where the actual movement amount of passengers is high, and it measured the temperature change for
objects entering and leaving the detection spots. The measured data have gone through a preprocessing in
which the reference values for 16 different areas are set and the difference values between the temperatures
in 16 distinct areas and their reference values per unit of time are calculated. This corresponds to the
methodology that maximizes movement within the detection area. In addition, the size of the data was
increased by 10 times in order to more sensitively reflect the difference in temperature by area. For
example, if the temperature data collected from the sensor at a given time were 28.5°C, the data analysis
was conducted by changing the value to 285. As above, the data collected from sensors have the
characteristics of time series data and image data with 4x4 resolution. Reflecting the characteristics of the
measured, preprocessed data, we finally propose a hybrid algorithm that combines CNN in superior
performance for image classification and LSTM, especially suitable for analyzing time series data, as
referred to CNN-LSTM (Convolutional Neural Network-Long Short Term Memory).

In the study, the CNN-LSTM algorithm is used to predict the number of passing persons in one of
4x4 detection areas. We verified the validation of the proposed model by taking performance comparison
with other artificial intelligence algorithms such as Multi-Layer Perceptron (MLP), Long Short Term
Memory (LSTM) and RNN-LSTM (Recurrent Neural Network-Long Short Term Memory). As a result of
the experiment, proposed CNN-LSTM hybrid model compared to MLP, LSTM and RNN-LSTM has the
best predictive performance. By utilizing the proposed devices and models, it is expected various metro
services will be provided with no illegal issue about the personal information such as real-time monitoring
of public transport facilities and emergency situation response services on the basis of congestion. However,
the data have been collected by selecting one side of the entrances as the subject of analysis, and the data
collected for a short period of time have been applied to the prediction. There exists the limitation that
the verification of application in other environments needs to be carried out. In the future, it is expected
that more reliability will be provided for the proposed model if experimental data is sufficiently collected

in various environments or if learning data is further configured by measuring data in other sensors.

Key Words : Deep Learning, People Counting, Metro service, CNN-LSTM, IoT, Sensor, Smart city
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