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ABSTRACT: Deep learning-based anomaly detection technology is used in various fields such as computer vision, speech recognition,
and natural language processing. In particular, this technology is applied in various fields such as monitoring manufacturing equipment
abnormalities, detecting financial fraud, detecting network hacking, and detecting anomalies in medical images. However, in the field of
construction and architecture, research on deep learning-based data anomaly detection technology is difficult due to the lack of
digitization of domain knowledge due to late digital conversion, lack of learning data, and difficulties in collecting and processing field
data in real time. This study acquires necessary data through loT (Internet of Things) from the viewpoint of monitoring for environmental
management of architectural spaces, converts them into a database, learns deep learning, and then supports anomaly patterns using Al
(Artificial Infelligence) deep learning-based anomaly detection. We propose an implementation process. The results of this study suggest
an effective environmental anomaly pattern detection solution architecture for environmental management of architectural spaces,
proving its feasibility. The proposed method enables quick response through real-time data processing and analysis collected from loT. In
order to confirm the effectiveness of the proposed method, performance analysis is performed through prototype implementation to

derive the results.

KEYWORDS: IoT, Al, Deep Learning, Anomaly Detection, Environment Management, Architectural Space

FIME: loT, QISXls, Eaid, OldmE, &gue| HESt

—

1. ME

B2ld 7|8 ORIV Is2 ERE HIT, Sd A, X210
Xe| S tefet 2ot MEE Ut 0] Vz2 oldsE=
I§E0[ A= HIO[EAE V[Etez of stg 2Es 0|83, iE
oM Y=z HIo[EA9] SEES Sta2 2t Bl wsto 0143t
= X[ 4 U0 22 E2id 7|2 OlER| T[e2 Mz El

| A3 iZ Al o= EY

8 - X2l ojzizez Qe E21d 78 HolE Ol

=0f chet =U S7t BX| 2 HEolnh 218 7[Et oldE
a2 gefdt a=2d SH0M 0lds Mottt

Bield 222 ol Ho[HE staot mES QlAlske
s30| Aen, 012 Sl LRI mE HIZyHel iiEHS
AEE 4+ AUCE £ H2Z2 H0[H SE& ARl Z2stA|
21, ANS22 OYMES R + UL, 7[E9| 3|
718h EE0E 0|20 d2fotn, RAG0] =0,

UEE el M, 21Zi0] HFske TEsSte EE R
251 Y HES S, WHGL sEds URES 220
Of oI}, ZI=ELte] &ds saxez Helste FAlsH | ¢
shMe Jafet &8 JHE dAIez 2LEEE HRIF R

VHEE, StEZMT|SHTH AT, SEEEA} (laputa99999@gmail.com) (AKX

12 Journal of KIBIM Vol.13, No.3 (2023)



o
__oI
{10

ol

1=

t

2UEHS

% 40)\%

2to
E1

o] 20 &, X9t

-
Syl

1=

a

t

C

o)
E——

A

ZUEE Hlo[EXA

Hoil M E

t

Bl

0

[=[N[=]

5t

ok
i

2|

=
K0
Bl
~d
Ho
__A_._|

J
8l

o

.

OD2MAS

5

(Artificial Intelligence) El2{'d 7|8 O|AEFX]

ZAt

2

13 &

ju

k=13
=

= HAlStod, 01¢]

B

1 T2 AR} O}

=PS
T

QICHJang, 2020). 0| &

=X

=
=

ZF OIojE X2let EAE Saf

HMEQdz M BME

5

=

TE uE 72 Al FE 7

o

ol

1.2 g7

A
S

=0
NS 2E

a

5

=72 S

=5

BIM 7[gF =2 X

-loT 7[gt Ol STHE HE

i, CIXIZ2ES

CfAto 2 “BIM C|X|

El AlE

- 22| 22 2o OXE

Cf. Of &+

T
%0

oF
S0

oK

o
or

8l

=t

E —
=

| -
[

IFC, O|O[E{H[0]A JHE:S Sl “TIX|

Z2HEY 7270[A F9

L OF7 ;A CIxtel

o

o]

ZMA

tEH01E of
* SEH[0IE OlYmE HE2E CIXt

o IT

Tt
HX|E CCTVet 22 0[0fX| HIMZRE

&

ol
—

=N,

=
=

.o 5

1o

2
S

ol

e
siSa 6y

ol
—

T

=S

B
od
=
ol
il

Al
o2

<+
Tl
ol

i

__AI.:
mJ

_u

a4

o

10

(&)
-

Figure 1
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Figure 1, Research process
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MI2HE|O [ M(Segmentation)2 Eaf], ZtA| S5, 371, X HE
£ =6t S MH|AN Ar3H{LHKang et al, 2021, Cho et al,
2021, Cho et al, 2021), A|AIE O0|EAIC 22 THEES st

HIO|EIZ 0E5k= M Lee et al, 2020)0f Z=X0| U
Table 12 2SIRAL Z1IE BAGI 226t Zio|ct

Table 1. Research category survey

Research .
Description References
category
Focuses on how to collect
data sets, store them in
database, and visualize
Data them usm‘ 3D models or Jang, 2020,
collection, N Yang et al, 2021,

BIM for the purpose of
developing digital twin,
CPS(Cyber Physical
System) concept,

visualization Kim et al, 2022

Methods for detecting
object information such as
class, position, and size

Object using YOLO (You Only
: Kang et al, 2021
detection, [Look Once), YOLACT (You 9 ’ ’
o Cho and Lee,
segment— |Only Look At Coefficient), 2001
ation and R—CNN (Regions with
Convolutional Neuron
Networks) models from 2D
image,
Research on data
prediction methods based
Data on RNN (Recurrent Neural Lee and Kim
rediction Network), LSTM (Long 5020
P Short—Term Memory), and
Transformer models from
time series dataset,
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/ Configure IoT device metadata
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Figure 2. Use case design (UML)
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(Package diagram, UML)
o IoT_schema_model
IoT_device - -
+ID
+ID +sensor_name: string
+(rj1ame. . n +sensor_type: {int, string, real, list}
+description l~| +sensor_default_value

+connection_string

+sensor_value_range
+MAC_address ~ -rang

+sensor_value_unit
+sensor_position: string

+collect_sensor_data()
+send_daa()

+validate()

IoT_database

+query(string) <>\
4\ +n

dataset_enumerator +ID
+sensor_name
+sensor_value
+sensor_position

IoT_data_record

+set_dataset()
+next_data_record()
+get_data_record(index)
+length(): integer

deep_learning_model

anomaly_detection_model

+train()
+save()
+predict()

+load()
+detect_anomaly_pattern(): list

Figure 5. Object architecture (Class diagram. UML)
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Table 2, Object role definition

Package Object Member description

Manage loT device information and sensor metadata,

ID: unique ID for device classification

name: device name

description: device description

connection_string: database server connection information to
deliver IoT sensor data

MAC_address: MAC address of the loT device
collect_sensor_data(): sensor data collection function
send_dataset(): Function to send sensor data to database

loT device loT device

Manages the metadata of sensors installed in |oT devices,

ID: Metadata ID

Sensor_name: Sensor name
loT_schema_model sensor_type: sensor value type
sensor_default_value: initial value
sensor_value_range: value range
sensor_value_unit: value unit
sensor_position: sensor position

loT database Manage loT sensor data,

ID: loT Data ID

sensor_name: sensor name of the data
senor_value: sensor value
sensor_position: sensor position

0T _data_record

A database that manages loT datasets,

loT datab
ol catabase CRUD (Create, Read, Update, Delete) operators and query

functions are supported,

Training dataset enumerator,

set_dataset(): Set dataset reference for training
next_data_record(): return the next data record
get_data_record(index) Returns the current data record
deep learning length(): Returns the size of the training dataset

dataset_enumerator

Learning a predictive model from data,

deep_learning_model train(): train the data
save(): Save the trained model
predict(): predict the learning model

Create and manage abnormal pattern detection models,

anomaly detection anomaly_detection_model load(): loading the trained model
detect_anomaly pattern(): Detects anomaly patterns and
returns a list of corresponding data values
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"ID": "loT ID string’,

non

'name’”: "loT device name',

"description": "device description’,
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"sensors”: [

{
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"sensor_name": "temperature’,

non

"sensor_type": "real’,
"sensor_value": "27.3683",
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Figure 10, Train Loss Graph(Epoch=150)
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Table 3. Train results

Dataset Count RMSE
train 1223 0.134
test 815 0.136
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Figure 11, Data prediction results (Green=IloT dataset,
Blue=Train, Red=Test)
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Figure 12, Anomaly data detection results (Red points)

SIEBIMSIS| =213 35 (2023) 19



Hl0JE] X2|2t O]
of EH@ HE tSS 7ts

= G101 HotE BENASH OPIEINE 7HoR e
OZEERRIOl 0= RE2 14% 0lot @XFHR|Z 0|5 IHES
AR 4 QLoD OIMIHE 245 BHS 22% 0[510] 0[S

, f%*_i HO|E ERE &t
4 DLEHE MHIAS 73161, F2FA Rol(Return on Invest—

ot

This research was supported by a grant “3D vision & Al
based Indoor object Scan to BIM pipeline for building facility
management”
Building Technology(KICT).

of the Korea Institute of Civil Engineering and

References

Cho, D., Lee, J. (2021), Training Floorplan Sketches and
Applying to the Spatial Design — Focused on the
Development of Automated BIM Modeling module from
Floor Plan Sketches in the Early Stage of Design, Journal

20 Journal of KIBIM Vol.13, No.3 (2023)

of the Korea Institute of Spatial Design, 16(1), pp.
365374,

Cho, Y-W,, Kang, K-S, Son, B-S,, Ryu, H—G, (2021).
Extraction of Workers and Heavy Equipment and Muliti—
Object Tracking using Surveillance System in Construc—
tion Sites, Journal of The Korea Institute of Building
Construction, 21(55), pp. 397-408,

Jang, J.—H. (2020). BIM Based Infrastructure Maintenance,
KSCE Magazine, 68(9), pp. 38—48.

Kang, T.-W., Kim, B—K_, Jung, Y.—S. (2021). Deep Learning
Platform Architecture for Monitoring Image based
Real—time Construction Site Equipment and Worker,
Journal of KIBIM, 11(2), pp. 24-32,

Kim, S.—H,, Kim, T.—H_, Eom, I., Won, J.—C, (2022). A Study
on the Efficient 3D Scanning Method for Digital Twin
Configuration in Construction Site, Journal of KIBIM, 12(3),
pp. 39-52,

Lee, Y.=S,, Kim, K—H. (2020). Experimental Study on the
Short—Term Prediction of Rebar Price using Bidirectional
LSTM with Data Combination and Deep Learning Related
Techniques, Korea Journal of Construction Engineering
and Management, 21(6), pp. 38—46,

Vaswani, A, Shazeer, N,, Parmar, N, Uszkoreit, J,, Jones,
L., Gomez, A N, Kaiser, L, Polosukhin, I. (2017),
Attention is All You Need, Advances in Neural Infor—
mation Processing Systems, pp, 1-11

Yang, S—W., Kim, S—J., Kim, S—A (2021). BIM—based
Design Automation Tool and Digital Twin Interoperability
— Case of the Next Generation Noise Barrier Tunnel,
KIBIM, 11(4), pp. 31-42,

Yin, W, Kann, K, Yu, M, Schutze, H, (2017). Comparative
study of CNN and RNN for Natural Language Processing,
arXiv, pp. 1-7





