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R&B at a Glance

Brief introduction

R&B Technology registered in
e  Sugar Land, Texas, USA

Global presence
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management
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Data acquisition

Artificial Intelligence (Al) technology

Pioneer in the use of Al for property

__________
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Data preprocessing

L R&B's solution, AAOPT Al, is a cloud-
based software platform powered by a
powerful
Al Engine. The platform’s analytics
delivers actionable recommendations by
acquiring and analyzing data from
various databases and data feeds.
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Issues for Operations Management

3,

Software

Domain
Expertise Tools
Extreme shortage of Lack of control decision Difficult to use and capabilities
professionals to execute O&M transparency and shortage of not able to identify root causes
and Optimization domain expertise or conduct commissioning

Multi-dimensional & Interactions too complicated to Patterns & data Domain knowledge
nonlinear problems be identified by rules characteristics difficult to alone can't identify
identify with traditional masked relationships
tools
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BeOP’s Al Engine
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How AdOPT Al Engine Learns & Generates Knowledge

® Carefully designed and
developed, AAOPT Al Engine
significantly reduces reliance
on human expertise in
various applications.

Knowledge
library

Fault
Detection &
Diagnostics

Raw Data

Labelling

Pre-Processing

Al Graph

Applications
o Deep
Optimization Inference

Extracted object network from

data
AHU_HDSAT_SPT
AHU_HC_VLV
AHU_HD_SAT
U_Max D
Minimal human -
interference with AHU_SF_SPD ARG
domain knowledge RIS ) St prosars
AHU_OccMode AHU_SF_STATUS
AHU_SP_SPT
AHU_SF_SS

Automatically generated knowledge

graph after labelling
Algorithm N f\
MOdUIeS /' &S:Lj/‘ AHU_CD_SAT

AHU_Static_Pressure

AHU_OccMode / \

AHU_SF_STATUS
AHU_SP_SPT

AHU_SF_SS

Failure
Prediction



A Revolutionary Methodology of FDD

Use case: Significant deviation of VAV airflow from set point

1. Autonomously learning patterns of control threshold (M

i
- M 3. Deep inference over network [
+104 I

“

- paths to identify the root cause — , |
. . abnormal fan speed ;

0f = Leve 12,240 L12 EZ SAF Frequescy

100 00 nw 2o DR i230) 180

~ Frequency

m;ﬁzw//w /N—‘\/-\/\/\/\,
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4. Knowledge extraction

| —— Level_07_VAV_E7_1 ActFlow L 096
~—— Level 07_VAV_E7_1 ActFlowsP
04 — Level_07_VAV_E7_1_HVACMode (right)

10:00 11:00 12:00 13:00 14:00

@'Speed

 SAPressure
2. Autonomously learning and generating Al graph

HeatRequest
[('Level_@7_VAV_E7_1_DamperPos<=73.97', False),
=i ("Level 12 AHU_L12_EZ_SAPressure<=170.422', True),
TerminalLoad ~ HHWValve - TempSP ('Level @7 _VAV_E7 1 ActFlowSP<=134.8', False),
({"high': ©.204, 'low': ©.597, 'medium’: @.199}, 196.0)]
~ MaxFlowSP _
~ SpaceTemp o DamperPos . i
~ SpaceCO2 '
~ CoolRequest - ActFlowSP .
CHWvalve _w
MinFlowSP " 10
] _ ‘lAth:l.OW ' DamperCmd DamperCmd
- DamperPos -
DiffPressure \
~ HVACMode
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A Case Study of Al-driven Analytics in Utility-level Solar Farm

Operating data of a 15-MW PV power station

 Amount of equipment: 290 (Inverters, combiners) PV voltage (V)

 Data records: 22,878,357

* Sampling interval: 5 minutes

On-grid electricity (kWh)

Total power generation (kWh)
Theoretical power generation (kWh)
Total DC input power (kWh)

Cumulative power generation (MWh)

PV current (A)
Radiation (W/m2)

P

rCombiner X16

~

[

Inverter

AC output power (kW)
Total power generation (kWh)
Daily power generation (kWh)

* 15 Generating unit

* 2 Inverters of each generating unit
* 16 combiners of each inverter

* 14~16 branches of each combiner

* 16 Photovoltaic panels of each branch

DC voltage(V)
ﬂ < DC current (A)
Generating
unit
X15

P

16 <

\_

. .

16
PV panels
&8 & ... & .
&GS &8 ... &8 .

~

\;I

Inverter

16 <

16

16




Al Graph for the Solar Farm

= Al detects abnormalities of every piece of equipment Total irradiation

Daily power generation
Frequency

which is modelled with machine learning.

Ambient temperature

= Al makes decisions on root causes over the graph that

Wind direction

is modelled with historical data.

DC_V
Wind speed

@ Inverters

Geographic location . i A Learn patterns

S

Weather | Infer root causes

E3 ole
**®  Model training

Operating data Make decisions




How Al Makes Decisions?

Al learns patterns in terms of

Raw Data ) distribution, dependence, and >
time-series feature.

Al decision-making
process

Irradiance M/m') <= 450.0

mse = 212.378
vatee = 32 86
Radiation Ambient T
Power (k

(W/nr) (°0) (k)

600 -10 30.7

MT(C)

100 15 7.2 Ir rnd;amc : f:"v = 200.0 l".ﬁll::gg)“(‘: 900.0
1000 0 475 Score of dependence Fampies & W SR
1000 25 442

800 35 36.7

1000 -10 47.5 1 eadisnce /i) :“:’,‘07: —- 0 OAT(C) &= 25 0 BAT(C) = 7.5

100 10 7.2 atoe = 8 3 value = 16.2 s ,;m

800 25 37.6

1200 15 56.2 0 I0 O‘Z 0'4 0'6 0‘8

1000 35 40.9

800 10 37.6 et Sl

1200 30 47.9

1200 25 52.9 /

600 10 30.7

1200 0 56.2 The higher the solar

800 15 37.6 radiation and the lower the

600 30 30.7 ambient temperature, the

100 -10 7.2 more power generated

1200 -10 56.2

100 20 7.2

@
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Proof of Concept of Al-powered Abilities

Significant Increase in Net

Cash Flow
a - O
“
Fault and ab li i ili
¢ d:lt‘ectairo‘n abnormality # Generation ability € Equipment availability
€ Push alerts and automatic et [ @ Generation efficiency
SRS @ Dirt prediction on modules
€ Equipment performance
€ Auxiliary Power analysis
{ Al Engine J
\_ /

ok




Fault Detection & Diagnostics

Powered by Al Engine




Fault Detection & Diagnostics

I Fault Detection

Power generation correlation analysis and fault

detection
o Sensor FDD
Forecasting Power (kWh)
9 Equipment FDD
Actual Power (kWh)
e Power generation performance diagnostics 0 20000 40000 60000  5DOCD

= Al runs FDD for each inverter and combiner
= Al trained with data sets comprising of multi-
::.l variables such as temperature, radiation, time, etc.
—— Ay = Comparison actual performance of each device and

system to predicted performance

: ] f Operating Fault detection : Abnormality
[ Equipment | data ]_*[ model ]’——’[ Al graph inference ]—{ interpretation
o

@&




Detection of Low Amps at Inverters

@ Forecasting Power (kWh)
B Actual Power {kVWh)

500 1000 1500 2000 2500 3000

#12_A_Inverter: Actual power generation is
abnormally low

Junction Box Actual(kWh) Prediction(kWh) Error(%)
12AHLO7 118.4 216.0 82.5
12AHLO5 273.9 382.7 39.7
12AHLO3 3235 321.0 -0.8
12AHLO02 387.8 379.3 22
12AHL04 413.2 402.3 -2.6
12AHLO6 255.9 2486 -29
12AHLOS 276.3 267.5 -3.2
12AHLO8 406.4 390.6 -39
12AHLO1 363.3 346.0 -4.8

Power generation of some junction boxes is

abnormally low

=)

Radiation Intensity(W/m2)
Environment Temp(°C)
19(A)
13(A)
17(A)
16{A)
15(A)
14{A)
13{A)
12{A)
11(A)
110(4)

DC Input Power(kKW)
DC Current(4)

DC Voltage(V)
Radiator Temp(*C)
Freq(Hz)

Power Factor

AC Output Power(kW)
Phase C Current(A)
Phase C ‘oltage(V)
Phase B Current(A)
Phase B \oitage(\)
Phase A Current(&)
Phase A \Voltage(V)

#12_A_Inverter anomaly index : The current value of circuit

O5 and O7 is abnormally low

O
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Inference of Detected Low Amps at Junction Box

#12_AHLD5_03 2.3 (A) #12_AHLO7_07 3.7 (A)

#12_InverterA_05 19.2 (4) , [ [ #rzpnor o0 s

'
’

D D #12_AHLD5_02 2.3 (A)
#12_InverterA_O7 1.6 (A)

. . e [] #12_AHL05 08 38(A) . ’ s - [] #12.amw07_08 384)
- )

#12_AHLOS 18.8 (A) T[] #12.aHL05 01 24 (A) Toeo [ #12_aH07_01 384

D #12_AHLO7_09 0.9 (A)

t| ‘ |:| #12_AHLO5_05 2.3 (A)

#12_AHLO5_14 4.1 (A) #12_AHL10_10 1.0 (A)

Root cause tracing: current of 12_AHL_O7 and
12_AHL_O5 combiners is abnormally small

Radiation Intensity(W/m2) Radiation Intensity(W/m2)
19(A) 19(A)
18(A) 18(A)
17(A) 17(A)
16(A) 16(A)
I5(A) 15(A)
14(A) 14(A)
13(A) 13(A)
12(A) 12(A)
11(A) 11(A)
116(A) 116(A)
115(A) 115(A)
114(A) 114(A)
113(A) 113(A)
112(A) 112(A)
111(A) 111(A)
110(A) 110(A)
Environment Temp(°C) Environment Temp(°C)
Temp(°C) Temp(°C)
PV Current(A) PV Current(A)
PV Voltage(V) PV Voltage(V)
Qo 02 04 a6 08 1.0 0o 02 0s 06 as 1.0




Detection of Abnormal Operation of an Inverter Fan

= & 1

110 Ann N y_l | — _lmsrter_Disdur;inzAirT('C) o
Al detects the WAL 2| Abnormality . s T T
abnormality score — [ | | H | .
exceeds the threshold " | P .

Abnormality
threshold

on July 25, 2019.
\_

Irradiance (N/m')

Features

QT(C)

#A_Inverter_#9 Current (A)

e Communication normal

A_Inverter_28 _Current (A)

#5A_Inverter_#7_Current (A}

* Heat exchanger overheat

#5A_Inverter_#6_Current (A)
#5A_Inverter_#5 Current (A)
#A_Inverter_#4 Current (A)

#SA_Invertor_#3_Current (A)

Probable cause

#A_Invarter_#2 Current (A)

15A_Invarter #1 Ourrent () #5A_Inverter_DischargingAirT("C) 8459 7641 098

 The fan doesn’t work
properly

#5A_Invarter_#10_Current (A)
#A_Inverter_Power _DC (kW)

#5A_Inverter_|_DC(A)

— e o o o o o o o e e e e e o e

#5A_Inverter_U_DC(V)

N oo e o e e e o e Ee o Ee e Ee e Ee e Ee o - / #5A_Inverter_DischargingAirT(T)

#BA_Inverter_Frequency (Hz)
#5A_Inverter _PomerFactor
#5A_Inverter_Power _AD (kW)
#5A_Inverter_I0(A)
#0A_Inverter_UC (V)
#5A_Inverter _1B(A)
#5A_Inverter_UB(V)

OA_Inverter_IA(A)

#G6A_Inverter _UA(V)

ao




Detection of Abnormal IGBT

I'e

Features

Probable cause
Abnormal IGBT

N o o - o o o o o e o e e o e o e o e = o

Al detects imbalance between \\&";*

phase A and phase B current at ®

7am Sep. 16, 2019.

Communication feature

Abnormal current with phase A

and B

The abnormality continues for

quite a while

= Abnormality Sy ] PR ] 10
m ] \—— Abnormality (right) M N
/l [+
® L i l 'l /= | Abnormality
. threshold
\ a5
20 -0 4
\ /- hase A j l .
a 7 current I -
Qg'\b o® &’\‘ N @r\‘ ) b,f\" 20 ey\“ [N @'\1 o dy‘\“ o dr\“ A2 @’\1 A5

Irradiance (N/m')

QAT(C)

£5A_Inverter_89 Current (A)
#A_Inverter_&8_Current (A)
#5A_Inverter_#7 Current (A)
A_Inverter_#6_Current (A)
#A_Inverter_85_Current (A)
5A_Inverter_#4_Current (A)
#5A_Inverter_#£3_Current (A)
#A_Inverter_ 82 Current (A)
#A_Inverter_#1_Currant (A)
#SA_Inverter_#10_Currant(A)
A_lnverter_Power_DC (kW)
#5A_Inverter _1_DG(A)
#A_Inverter_U_DC{V)
#5A_Inverter_DischargingAirT(C)
#5A_Inverter_Fregquency (Hz)
#5A_Inverter_PowerFactor
#SA_Inverter _Power _AG (kW)
#A_Inverter_IC{A)
#5A_Inverter_UC(Y)
#A_Inverter_IBIA)
#5A_Inverter_UB (V)

#5A_Inverter_IATA)

#A_lnverter_UA(Y) _
ao a2

st |
=

a4

08

Date

#5A_Inverter_UA(V)

157.35

14465 030

#5A _Inverter_IA(A)

72.16

3484 083

- o
#5A_Inverter_UB

157.86

14514 028
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Performance Analysis & Prediction

Performance Prediction

o Performance Impact Factor
o Performance Index Analysis
o Correlation Analysis

o Performance Prediction

Performance Impact Factor: Abnormal radiation of inverter
at the 8th zone A

Day 1 Day 2

columns
w AC Cutput (kW)
Prediction

<
N
go 8 88 8 ¥ 8 Y EB

G0 00" " 90:00: 0 W00 W08 W00 W 00 @00 1000 1200 400 %00 1200 200

Abnormal Radiation

Performance Index Analysis: Low efficiency of inverter at the
10th zone A

Count

00

00

: Normal Range

N0

00

VY /1 | :
I anm i : igh efficienc
Ff~ Low efficiency 5 Hig y
- —— i
l“»\_‘ == ‘0 rio.m I 8 0008 s 0 0010 \ i 45/1?‘;12 Q0014 |ndex
ok



Prediction on Performance Degrading & Dirt Cleaning

How much actual generated power

Predictive generation model by Al
deviates from prediction?

Mostly ambient temperature and solar radiation as

input to predict power generation

%)

arcent

Power

Power Li P

Deviation of predicted power from actual
power before degrading Al-A<O ) oy o i pun

——————————————————————————————— 219 '

Deviation of predicted power from actual { Generation degrading % curve ]

ing Al-A<
power after degrading O after offset

Predicted
power

%)
=]

ent (

v

JAN FEB NOV DEC

Power Loss Perci
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Power Loss due to Generation Degrading (at Modules)

* Predicted power loss of #14 circuit of 7AHLO7 junction box due to degrading from Mar 25

—_—_——————e—e—e—_ e e —

to Dec 17.
T ' ' ' ' — Irradisnce /) Y
— L = QAT(C) .(ri:ht) s
| ‘I, —— Power (right)
- ‘ ‘w ] .
: 'Il il W i l*) i |
: II»M LU 00
- ‘ll i | H' H\l H | !H A \‘I\ | >
| y AL AT ||
" 7 il ‘ | i i Y
19\"& o 9\"’@ s
™ Al detects generation of this module
‘ (has degraded by approx. 10% since

» %ofﬁ\ug. 2019.
g__ __________________________________________________
£ Al learns trending features of power generation out of

20 operating data

/If it were cleaned at the end of )
Aug., up to 188kWh would have

been added to power generation,
equivalent to 13% of total power

this single circuit generated in 4
months. -/

Z

Pradicted Loss of Electricity (kiWh)




Power Loss due to Generation Degrading (at Junction Box)

—_—— ——_—ee—e—ee—_ee—_ e e —

Power Loss Percent (%)

~—_N —_———,—e— e —

* Predicted power loss of all circuits of 7AHLO7 junction box due to

degradlng from Mar 25 to Dec 17.

i |

lli 1l ‘I . MH ,.:'u W uw ' “H‘ JM‘

— QAT(C) (right)
Power (right)

,\
kS "D 'D“"‘)0
Date

’” '|:' gwl
m m IM \‘,uw ‘ Ww IW\ Ia,’l i l“ mn

Al detects generation of this module

‘ has degraded by approx. 10% since
the end of Aug. 2019.

10

May
2019

% power loss of each circuit of
7AHLO7 junction box with median

value 11%.

L8 Biazs | — =

\ i - EBRIRET t

| S
F0 | Fi1258

I W18 i—_
-0 | E1058

| iR _
-0 | ¥Ee3h

| BT =
-2 | o3

| F53% pee——
-0 | .

I e
o I ij*, —_—]

I F23E  —
-10 | B

I ) (

|
--20

|

|

|

|

|

If it were cleaned at the end of Aug., up to

| 2263kWh would have been added to power
‘ generation, equivalent to 11.4% of total

power this junction box generated in 4
months.
\

2019-12-31 00:00:00

2019-11-30 00:00:00

;

2019-10-31 00:00:00

2019-09-30 00:00:00

mk

0 100 20 00 200 500 600 00
Praedicted Loss of Electricity (kWh)
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Performance Models of Inverters

Historical data Pattern recognition Modeling

1.0 Q 950
0.925 s .
. . . .
£ 3 Efficiency under different
:‘ 0900
power load
N OAT Range (T
w20 3 & 10 1I ' 0875
L)
N e (0, 10
3 (10. 18]
Data from 03/25 to {10201 0 850
Zo4 (20, 25]
1 2/1 7 [ ] (25. 30] — 10 C
e (30 35] 0825 —0C
¢ — 10 T
a2 — 16 T
Q 800 — 20 C
— 25 C
— 80 C
ad Q775 —_— 35T
" S0 26 %0 00 10 kW 50 ki 120 250 kW 400 KW 500 kN
#1A_Inverter_Power_AC (kW)
Q 950
-10°C  0°C 10°C 15°C 20°C 25°C 30°C 35°C
10kW 0869 0865 0812 0812 0790 0784 0773 0773 e e
30kW 0918 0918 0904 0898 0898 0.891 0.889 0.889
50kW 0931 0931 0921 0921 0921 0916 0914 0914 0.:900
80KW 0938 0938 0935 0935 0930 0928 0926 0926
Q0 875
120 kW 0943 0943 0941 0941 0937 0935 0935 0935 Effici .
iciency under different
180 kW 0945 0945 0944 0944 0942 0941 0941 0941 asmi LT y
w30 kW
250 kW 0945 0945 0944 0944 0942 0941 0941 0941 —— 50 ki temperature
— 80 kW
350 kW 0945 0945 0944 0944 0942 0941 0941 0941 0825 Mo -Aaite
400kW 0945 0945 0944 0944 0942 0941 0941 0941 s
0 800
450 kW 0945 00945 0944 0944 0942 0941 0941 0941 T 32 kW
4 kN
500 kW 0045 0045 0944 0944 0942 0941 0941 0941 —— 450 KN
Q775 I'— 500 KW
-10 C 0C 10 C 15 C 207C 25 C 30T 35 C

26




Comparison of Inverter Efficiency

P S S

0.950

0.925

0.900

0875

0. 850

0.825

0 800

Q.775

o
@

inverter_eff

=}
s

02

0o

Data from 03/25 to 12/17

OAT Range (C)
e (-10, 0]
e (o 10]
Inverter A at A
(15.
, 25]
Zone 1 g i
e (30 35]
100 200 00 400

#1A_Inverter_Power_AC (kW)

/

= #11A_lnverter-30 T
— #1A_lnverter-30 C

10 kw

50 kW 120 kW

250 kW 400 kW 500 kW

)

=}
@

inverter_eff

=}
-

02

00

\
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|

Decision-making support:

L Equipment health and conditioned
maintenance during daily O&M.

L Reliable intelligence for equipment

selection and evaluation during

9“ Ran;e c)
apl
Inverter A at g
Zone 11 as s
(30, as]
; EPC.
-
) 100 200 300 (

10 kw
30 kW
50 kW
80 kw
120 kW
180 kW
250 kw
350 kw
400 kW
450 kW
500 kW

#11A_Inverter_Power_AC (kW)

#11A_Inverter-30 °C  #1A_Inverter-30 °C

0.842
0.920
0.939
0.945
0.951
0.951
0.951
0.951
0.951
0.951

0.951

0.773
0.889
0.914
0.926
0935
0.941
0.941
0.941
0.941
0.941

0.941

According to the performance model
When ambient temperature is 30°C
Efficiency of inverter A at Zone 11 >
that of inverter A at Zone 1

\

_/

10 kW
30 kW
50 kW
80 kw

) e
180 kW

250 kw
350 kW
400 kW
450 kW
500 kW

Percent (%)

893
3.49
274
2,05
1.71
1.06
1.06
1.06
1.06
1.06

1.06
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Financial Benefit

$500,000/year for a 100MW Plant’

. . * Decrease in operating &
* Reduction in power loss * Increase in work efficiency
maintenance cost

1: https://www.ge.com/renewableenergy/digital-solutions/digital-solar-plant

ok






Appendix: Typical Data Integration Architecture

Customer Network BeOP Network

j l Option 1: ADOPT Al periodically fetches data from Customer Database
. I_I (Requires Customer to open database access) :
Periodic Job
I-I Option 2: ADOPT Al periodically calls Customer HTTP API
- E (Requires Customer to provide API) :
v AP| Gateway AP Client
I-I loT DB loT DB
Option 3: Customer;periodically calls AOPT Al HTTP API
(Requires;Customer to write API client)
TI1 'Q' KO

I-I API Client APl Gateway




Appendix: Sample User Interface

131066

Automated FDD Equipment Performance Analysis Generation Performance Analysis

Ottan

Toronto {16 DartipirdHraiTe

Chicago
a

United States

Multi-site Analysis Al Visualization Automatic Reporting




