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Empowering Large-Scale Building
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Dataset

3 Buildings

Anonymized buildings in Australia.
Pictures for illustrative purposes only.

Photo by Simone Hutsch on Unsplash



https://unsplash.com/@heysupersimi?utm_content=creditCopyText&utm_medium=referral&utm_source=unsplash
https://unsplash.com/photos/gray-tower-building-under-blue-sky-LsrZXMQAvZU?utm_content=creditCopyText&utm_medium=referral&utm_source=unsplash

BTS
Building Time-Series

I !
O g gy Pt T v T gy M gy N, NN g
Wy By e e

A L O e { v

VS e 1Y VD e M R g g B

e b—y by b E
e b U R e B

\ - —
N o N e Wb,y N o O o i R ] W ) O W
~ N e e T W o W B

e

s ] W ] R |

e B !
R T Ty

Dataset
3 Buildings
e 3 Years

2024

UNSW

2021 3 Years

SYDNEY



2021-08

l
I
|
|
|
|
|
|
|
|
|
|
!
from the snippet

2021-07

2021-06

2021-04

{ g g Vo R g R R
| — \ \ - — e b—y by o
\ | S N o N, VIR -
Ry g e o ,f.rrF,rmnp L
N o N N o N o N e i R Wy
e e e e i |

.
%
]

A TLATATTWL T Ty AT

2021-05

2021-03

2021-02

snjels ajqeus

uﬂE_u_ u::_onumm m_&_._zum_o:&m ) uom:w]m w.OmmmmzaE:m._.
dwal uiy dwa] xep dwal iy 11y 9pIsIN0

s 5 g

g R 4 1
Josuas

JaMod [e214303(3

Ime-series

BTS

e
&
T o
© S
SRS
=
an
QP
®

N
QL
-
D
o\
D
=
_I
@)) dp
= G
O ),
w >
M QP
o

)

QD

)
— O
o O
o O
© o
O O
— M
A A
e o

2021-01


https://github.com/cruiseresearchgroup/DIEF_BTS/blob/main/snippet_6TS_plot.png

BTS The knowledge graph describes the
“physical, logical and virtual assets

Building Time-Series in buildings and the

Dataset relationships between them.”
3 Buildings We use the Brick schema: &,
3 Years BT
>15 000 Time-series
>300 Classes

Knowledge Graph
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Why Building Analytics?

Video by Kelly from Pexels



Why Building Analytics?

A third of global energy
consumption.

(Gtoe: Giga tonnes of oil equivalent)
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M. Gonz.lez-Torres, L. P.rez-Lombard, J. F. Coronel, |. R. Maestre, and D. Yan. A review on buildings energy information: Trends, end-uses, fuels and drivers. Energy Reports, 8:626—-637, 2022.



Why Building Analytics?

A third of global energy
consumption.

(Gtoe: Giga tonnes of oil equivalent) A quarter of CO, emissions.
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~ Table 1. Share of direct and indirect CO, emissions by sector in 2019.

. Sector Direct Indirect
- Industry 19% 19%
Buildings 9% 19%
. Transport 25% 3%

Other 2%
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m Buildings = Industry = Transport = Other

M. Gonz.lez-Torres, L. P.rez-Lombard, J. F. Coronel, |. R. Maestre, and D. Yan. A review on buildings energy information: Trends, end-uses, fuels and drivers. Energy Reports, 8:626—-637, 2022.
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Why Building Analytics?
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As we spend more tlme in bmldlngs
they will have increasing influence over |
our physical and mental wellbeing.
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https://github.com/cruiseresearchgroup/DIEF_BTS/blob/main/Brick_viz_fixed.png

Timeseries: Diverse class and distribution

Visualisation of six timeseries from the snippet

Most other
timeseries dataset
only have a single
class with similar
distributions family

e.g., traffic, stock

Min Temp

Setpoint Limit  Setpoint Limit

Max Temp
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Air Temp

market, EEG, IMU.
BTS has few

hundreds unique
classes.
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Metadata Knowledge Graph using a standardized schema
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3 new Buildings, enabling:
inter-building generalisation

Count (Unique) LBNLS59 BTS_A BTS_B BTS_C
 Transfer e r—
i o ollection 0 0 4 (2) 2 (2) 8 (D)
| earnin g 9 Equipment 59 3) 547 (24) | 159 (25) 963 (41)
. o Location 73 3) 481 9) 68 (17) 381 (26)
° D omain = Point 230 (11) | 8374 (126) | 851 (57) | 10440 (159)
a d a p'ta't | on Timeseries 337 8349 851 5347
. . . A Alarm 0 0) 798  (16) 5 (2) 109 (8)
 Distribution S Command 0 ©) | 363 © | 97 ) 785 (13)
h f = Parameter 0 0) 79 (6) 36 (2) 935 (17)
SNITtsS 2 Sensor 144 ®) | 4396  (56) | 266 (25) | 4062  (68)
A Setpoint 86 3) 772 (26) | 232  (16) 1629  (41)
e Few & Zero = Stgtus 0 ) | 1628 (17) | 110  (6) | 2187 (19)
S h ots Location Berkeley, USA Undisclosed locations in Australia
Start Date 01-01-2018 01-01-2021 | 01-01-2021 23-06-2021
End Date 31-12-2020 31-12-2023 | 31-12-2023 18-01-2024
Duration (Days) 1094 1094 1094 939
Size Zipped (GB) 0.26 8.48 1.31 8.98




Why use BTS?




Why use BTS?

}H““ Example tasks:
o * Forecastin
Building 9 .
.~ B * Anomaly Detection

Analytics F—— .
e ! 25 * Al Chat for buildings: To
2% o

== enables building managers to

N iy get data-driven insights via
ey seamless interface like Al chat.




series from the snippet
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UMY nun LN

T Time Series s

.

Knowledge
Graph

00T T

0 i
2021-01 2021-02 2021-03 2021-04 2021-05 2021-06 2021-07 2021-08

8

Max Temp
Setpoint Limit

Air Temp
Sensor

85 8 3

Outside Air
Temp Sensor

Building

Analytlcs

s
g 8 &
s s 8

1000

Electrical Power
Sensor

Enable Status

. ‘3‘ 2B =w - - . - S Aniden ‘ ) D . v /
fe ‘ﬁn’i sgac-4 — ‘ S . — :;gf:: on Mode Command Room_Air_Temperature_Setpoint
- - J— Equipment
e Wiy o, — isPointOf isPointOf

hasPart hasLocation

Fan_Coil_Unit

isPointOf

""%{*‘{%{%%%%%%%‘%%{%‘%%‘%%‘l\ (:) ':"! r‘-(:)fii -
A A

Air_Temperature_Sensor

e :



https://github.com/cruiseresearchgroup/DIEF_BTS/blob/main/Brick_viz_fixed.png
https://github.com/cruiseresearchgroup/DIEF_BTS/blob/main/snippet_6TS_plot.png

Why use BTS?

Unbalanced, Long-tailed

Class: Some sensors (e.g., temperature sensor),

are very common, while other sensors (e.g.,
dewpoint sensors) are very rare.

Data: The value for Alarm is zero most of the
time.

Distribution shifts between buildings
Few-shots, zero-shots, transfer learning, domain
adaptation.

Irregular

time step
any-variates

.

=3

"‘i

= =)

3"3.(«

_ IR N\

Complexﬂi
of
real-world
data
in the wild




Electric_Power_Sensor

have many instances.

Point

Electrical_Power_Sensor
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Operating_Mode_Status
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Histogram of class of timeseries present in all buildings (30 unique class)
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But 45 unique classes only
exist in Building A

Histogram of class of timeseries present in A only (45 unigue class)
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Two Benchmarks

Multi-label timeseries classification

Feature: = | I e
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Figure 3: Visualisation of the multi-label timeseries classification task.

Table 5: Benchmark results on the zero-shot forecasting task. The columns refer to the training set,

Zero-shot Forecasting

whereas the row represents the testing set.

BTS-A BTS-B BTS-C

MAE | SMAPE | MAE | SMAPE | MAE | SMAPE
Previous Day Persistence 0.5377 | 48.1539 | 0.4976 | 43.2985 | 0.5458 | 45.7014
Previous Week Persistence || 0.6190 | 57.2713 | 0.5918 | 51.3867 | 0.6499 | 58.1922
DLinear N/A 0.4324 | 35.9846 | 0.4262 | 36.2734
BTS-A PatchTST N/A 0.3748 | 292570 | 0.3712 | 29.5552
Informer N/A 0.5968 | 49.2217 | 0.5920 | 51.9745
iTransformer N/A 0.4026 | 31.1924 | 0.3842 | 30.1102
DLinear 0.4940 | 41.2264 N/A 0.4206 | 35.3121
BTS-B PatchTST 0.4575 | 36.7689 N/A 03711 | 29.2135
Informer 0.5233 | 45.9279 N/A 0.4592 | 39.7068
iTransformer 0.4783 | 37.5907 N/A 0.3901 | 29.9940

DLinear 0.4858 | 40.7421 | 0.4158 | 34.1473 N/A

BTS-C PatchTST 0.4542 | 36.9451 | 0.3723 | 28.9325 N/A

Informer 0.5213 | 46.6112 | 0.4602 | 39.7162 N/A

iTransformer 0.4859 | 39.5158 | 0.4262 | 32.6550 N/A
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We will launch a competition using this dataset.
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