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Sample of raw BMS data tag:

SN OPC Tag
1 /FACILITY/VENTUS/VENTUS_BLK1/AV1_3CLGVLV_TP_SP.POINTVALUE
‘ ‘ 2 /FACILITY/VENTUS/VENTUS_BLK1/AV1_3VSD_TP_SP.POINTVALUE
T ~ 1 3 /FACILITY/VENTUS/VENTUS_BLK1/AV1_3CLGVLV_TP_ENA.POINTVALUE
' = ’ 4 /FACILITY/VENTUS/VENTUS_BLK1/AV1_3CLGVLV_VSD_TP.POINTVALUE
5 /FACILITY/VENTUS/VENTUS_BLK1/AV1_2FANSPEED.POINTVALUE
6 /FACILITY/VENTUS/VENTUS_BLK1/AV1_20CTEMP.POINTVALUE
7 /FACILITY/VENTUS/VENTUS_BLK1/AV1_2RACO2.POINTVALUE
8 /FACILITY/VENTUS/VENTUS_BLK1/AV1_2RARH.POINTVALUE
9 /FACILITY/VENTUS/VENTUS_BLK1/AV1_2RATEMP.POINTVALUE
10 /FACILITY/VENTUS/VENTUS_BLK1/AV1_2SASTATIC.POINTVALUE
11 /FACILITY/VENTUS/VENTUS_BLK1/AV1_2SATEMP.POINTVALUE

Buildin g Mana gement System (BMS) 12 /FACILITY/VENTUS/VENTUS_BLK1/AV1_2BYPDMPR.POINTVALUE
| 13 /FACILITY/VENTUS/VENTUS_BLK1/AV1_2CLGVLV.POINTVALUE
14 /FACILITY/VENTUS/VENTUS_BLK1/AV1_2FADMPR.POINTVALUE
p H O WE VE R 15 /FACILITY/VENTUS/VENTUS_BLK1/AV1_2VSD.POINTVALUE
oo 16 /FACILITY/VENTUS/VENTUS_BLK1/AV1_2FADMPRMIN.POINTVALUE

17 /FACILITY/VENTUS/VENTUS_BLK1/AV1_2FADMPRPURGPOS.POINTVALUE
18 /FACILITY/VENTUS/VENTUS_BLK1/AV1_20CTEMPSPACT.POINTVALUE

19 /FACILITY/VENTUS/VENTUS_BLK1/AV1_20CTEMPSPB.POINTVALUE
m 20 /FACILITY/VENTUS/VENTUS_BLK1/AV1_20CTEMPSPOFF.POINTVALUE
® 21 /FACILITY/VENTUS/VENTUS_BLK1/AV1_2RACO2SP.POINTVALUE
M 0 D E LI c A 22 /FACILITY/VENTUS/VENTUS_BLK1/AV1_2RATEMPSP.POINTVALUE
23 /FACILITY/VENTUS/VENTUS_BLK1/AV1_2RUNTIME.POINTVALUE
24 [FACILITY/VENTUS/VENTUS_BLK1/AV1_2SASTATICSP.POINTVALUE

EnergyPlus 25 /FACILITY/VENTUS/VENTUS_BLK1/AV1_2SATEMPSP.POINTVALUE
26 /FACILITY/VENTUS/VENTUS_BLK1/AV1_2VSDMINSPD.POINTVALUE
o1 q- . 27 /FACILITY/VENTUS/VENTUS_BLK1/FV1_2_1WATERDETALM.POINTVALUE
Bulldmg Energy Modehng (BEM) 28 /FACILITY/VENTUS/VENTUS_BLK1/PF_V1_2_2MODE.POINTVALUE

29 /FACILITY/VENTUS/VENTUS_BLK1/PF_V1_2_2STS.POINTVALUE
30 /FACILITY/VENTUS/VENTUS_BLK1/PF_V1_2_2TRIP.POINTVALUE
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Hundreds and thousands of data
points in each database

Randomly customized naming
rules (e.g. chilled water supply
temperature: ‘SWT’, ‘Supply
Temp’, ‘BMFWDTMP”)

Very troublesome and error-prone
manual mapping process

An AUTOMATED SOLUTION
is required!
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Bioinformatics & NLP
* Methods for Gene Name Entity Recognition (e.g. morphological rules [1], dictionary

based inexact string matching [2], SVM based classification [3], etc.)

X Requires intensive contextual information

BIM application
* [FC & other schemas (TF.IDF [4], instance based rule [5], etc.)

X Mainly focused on geometry properties; between standard schemas

Metadata normalization

* Multi-layer perceptron, conditional random fields model to understand BMS tags[6]

X Supervised learning is not generalizable for non-similar buildings
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Test dataset: BMS point names of a office building in Singapore
Explanatory sample: “ *RMTEMP* ” (room air temperature)
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Pre-processing

raw tag Sk: “/FACILITY/VENTUS/VENTUS BLK3/FV3 2 1RMTEMP.POINTVALUE”

Trimming with delimiter

S —

— e

S =
~——
core segment of Sk: “FV3 2 IRMTEMP”
Calculate Levenshtein
‘—\-\.\\_\ distance ///./--/’
feature vector of Sk: [ 50 3.0 13.25 0.0 8.75 14.5 ]
distance to Si distance to S2 distance to Sk distance to SN

Levenshtein distance (edit distance): minimum number of character changes needed
to alter a string into another one, e.g. D(‘BIM’,"BEM’) = 1, D(itself) = 0
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Unsupervised Learning

Important observation: in large scale buildings, there are multiple points
with the same measurement type, following similar naming rules.

Room temperature Return air temperature
Damper position 78 Off coil temperature 18
Room temperature setpoint 78 Chiller water temperature 18
Power meter KWHR 26 Supply air temperature 6
Power meter KW 26 Supply air CO2 level 6
Control status 18 High temperature alarm 2
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Unsupervised Learnin
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DBSCAN (Density-Based Spatial Clustering of Applications with Noise)
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Representative substring

“RMTEMP”

— | Generate X-gram

—~— -
\\\///

X-gram lists
[[6‘R,,,“M","T”,“E”,“M”,“P”]
["RM’7,6‘T’7,6‘E9’,6‘M7),6‘P7’]
[G‘RMT”’L‘E”’LGM”’CGP”]
[‘GRM”,“TEMP”]

[“RMTEMP”]]

EnergyPlus based dictionary

[{CGRM"’SGZONE9’,“ROOM’),C‘ZN’?’CGSPC”} :
{46AIR”,‘(A”}’
{‘4TEMP”,“TMP”’CCT”}]

2

Liotal , Niotal
Lmatched Nmatched

Rmatched =

[‘QR’9’6(M,"‘CT”"LE”’CSM”"AP”]: Rn];[[ch e 0.22
[‘GRM’”“T”’“E”"LM”,‘LPD’]: R]na[ch — 0.5
[“RMT”,“E”,*M”,*“P”]: Rmatch = 0
[“RM?”,“TEMP”]: Ruas = 0.8

[“RMTEMP”]]: Runateh = 0
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Proposed matches:
#1,“RMTEMP”, Ruaten = 0.8
#2,“SATEMP”, Rinuan= 0.74

#3, “RATEMP”, Ruaen = 0.74

#4, “RMTEMPSP”, Ruaer = 0.7
#5, “ATEMPSP”, Runaen = 0.69

#6, “RMTEMPSPB”, Ruuen = 0.67
#7, “RATEMPSP”, Ruaen = 0.64
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RESULT & ANALYSIS

Unsupervised Learning

Clustering result Representative substrings

-1: ['[AV1_2BYPDMPR', 'AV3 10CTEMPOFF', 0: 'CLGVLV_TP_SP'
'FAF V3 2 2MODE', 'FAF V3 2 2STS','FAF V3 2 2TRIP', 1:'VSD TP SP'
'VENTUSBMS RMHITEMP', 'VF11_ZM1_ OFFSETSP'], ’ - -
2:'CLGVLV_TP_ENA'
0: ['AV1 3CLGVLV_TP_SP','AV1 _1CLGVLV_TP_SP, ... r .
'AV2 _1CLGVLV_TP _SP','AV3 1CLGVLV_TP_SP'], % 3:'CLGVLV_VSD_TP
\ 4: 'FANSPEED'
1: ['AV1 _3VSD TP SP','AV1 1VSD TP SP', ... r i
'AV2 1VSD TP SP','AV3 1VSD TP SP'], Extract representative substring 5:'OCTEMP
/ 6: RACO2'

L

44: ['VF04V11 3L201TMP', 'VF04V22 2L302TMP', ...
'VF11V33 1L303TMPSP','VF11V33 1L305TMPSP'|

61: BMFWDTMP'
107: ['VL3FCU301BMDIFFTMP', 'VL3FCU302BMDIFFTMP']

F-measure = 0.872 (recall = 0.869, precision = 0.876)




RESULT & ANALYSIS

Representative list
of “RMTEMP”

Proposed match of
“zone mean air temperature”

Overall accuracy

Proposed X-gram

(13 29 ¢ 99 GO0 GO0 6 2 P
[[ R b M b T 2 E 2 M 2 P ]’
13 99 G CC YY) (6 2% P
["RM”*“T7,“E”,"M”,“P7],
(13 79GP0 G6 2 P
[“RMT”,“E”,*“M”,“P”],

[‘CRM”"GTEMP”]
[“RMTEMP”]]

#1,“RMTEMP”, Ruue = 0.8; #2,“SATEMP”,
Ruuer= 0.74; #3, “RATEMP”, Ruuier = 0.74; #4,
“RMTEMPSP”, Ruuer = 0.7; #5, “ATEMPSP”,
R = 0.69; #6, “RMTEMPSPB”, Ruuer = 0.67;
#7, “RATEMPSP”, Ruuer = 0.64;

0.869

of Singapore

B2 & N US |'| @ I:I
W National Universty 4||’||m|||||| S1I1

Baseline N-gram

[“R”,“M”,“T”,“E”,“M”,“P”,
“RM”,“MT”,“TE”,“EM”,“MP”,
“RMT”,“MTE”,“TEM”,“EMP”,

“RMTE”,“MTEM”,“TEMP”,
“RMTEM”,“MTEMP”,
“RMTEMP”]

#1,“TMP”, Sucears = 0.22; #2,“STS”, Sjaceard =
0.22; #3, “AFS”, Siuceas = 0.22; #4, “SATEMP”,
Siucera = 0.17; #5, “RMTEMP?”, Sjaccara = 0.17;
#6, “RATEMP”, Siwera = 0.17; #7, “TRIP”,
Siaceara = 0.1 5;

0.587
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v The framework successfully eliminate the human effort required to apply
BMS data for BEM relevant application

v The framework can be applied to various other scenarios such as BIM by
adjusting the dictionary

v More information such as sensor location and sensor data can be used as
input to achieve mapping at higher LoD (Level of Detail)

v" Ultimately, to fully exploit the information contained in BMS and to help
understand the building energy performance
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