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Introduction

a. Learning Objectives and Problem Statement

0.9 . . . .
‘ Before reading this section, please refer to the following course YouTube

video: https://youtu.be/DhR8S90X4nw

Video

AVEVA™ Data Hub (ADH) is a cloud-native platform built for historical, real-time and future/forecasted
operational data. AVEVA™ Data Hub complements existing on-premise AVEVA™ Pl Systems and enables
users to easily define, visualize, query and shape data sets required for data science. This course will show
users how AVEVA™ Data Hub extends AVEVA™ PI infrastructure to support enterprise-wide advanced
analytics and machine learning.

In this course, we will be predicting the performance of a wind farm’s ability to generate power. We will
use a predictive machine learning model to forecast power generation. This capability is essential for
every wind operator as having a reliable forecast helps them manage the portfolio of power generation
resources in their fleet in order to meet the forecasted demand.

We have collected performance data from 10 wind turbines. Our first step is to evaluate the turbine data
stored in AVEVA™ PI System via Pl System Explorer (PSE). We will then stream the necessary data to an
AVEVA™ Data Hub namespace via the AVEVA™ Pl to Data Hub Agent from the Pl Data Archive.

Next, we will then view the newly streamed data in ADH, add metadata in order to contextualize the
streams, trend the data, as well as create a Data View.

Using Power Bl will have a fist quick glance at the data to see if there is some obvious data cleansing that
might be needed.

We will then connect to and visualize this dataset in a Jupyter notebook using Python. After cleansing and
filtering our dataset, we then use this filtered data to train, test and evaluate a model using a predictive
machine learning algorithm.

The final step is to operationalize our predictive model by testing it against historical and forecasted
weather data, and finally sending back the forecasted values to AVEVA™ Data Hub.
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b. Data Flow

The data flow follows that pattern:

Data from the Windfarm

Data in AVEVA Pl on Prem

Data in the Cloud

Context in the Cloud

Preview with Power BI

Augmenting with Jupiter NB

Maschine Learning %  Merge Forcast Data

Results back to Cloud
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c. Pl System software

The VM (virtual machine) used for this course has the following Pl System software installed:

Software
AVEVA™ PI Data Archive

AVEVA™ PI Asset Framework (Pl AF) server

AVEVA™ PI Asset Framework (Pl AF) client (Pl System
Explorer)

AVEVA™ PI Analysis & PI Notifications Services

VEVA™ Pl Vision
AVEVA™ Data Hub Power Bl Connector

Version ‘
2018 SP3

2018 SP3
2018 SP3

2018 SP3
2019

2021

For details on Pl System software, please see http://www.osisoft.com/pi-system/pi-capabilities/product-

Jist/
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Analyzing & Configuring Pl System Data in AVEVA™
Data Hub

a. Objective

The objective of this section is to review the Wind Farm Asset Framework (AF) Model in AVEVA™ PI System
Explorer, then log in to AVEVA™ Data Hub to view the streamed data and explore all of the features and
functionalities. Finally, an Data Hub Data View and Data Hub Client are created, in order to access this
wind farm dataset programmatically from an external application.

b. Tasks

Explore the Wind Farm Asset Framework Data in AVEVA™ PI System Explorer
Log in to AVEVA™ Data Hub and review the features and functionalities
Analyze Wind Farm data streams in the AVEVA™ Data Hub Sequential Data Store

1

2

3

4, Visualize Wind Farm data streams in the AVEVA™ Data Hub Trend page

5 Add & manage metadata for Wind Farm data streams in AVEVA™ Data Hub
6

Configure an AVEVA™ Data Hub Data View from Wind Farm data streams &
metadata

7. Create an AVEVA™ Data Hub Client for access to AVEVA Data Hub from an external
applications

c. Approach & Details

.9 . . : .
‘ Before reading this section, please refer to the following course YouTube

video: https://youtu.be/PO6YNFfOItM

Video

.Wind Turbine Overview

Wind has kinetic energy that can be converted into electrical energy through a wind turbine. These
turbines operate by capturing wind energy to turn rotor blades that run a generator. The rotors and
turbines are governed by a rule known as Betz’s Law, which states that a turbine may only capture 59.3%
of the energy from the wind. Betz’s limit refers to the fact that if more than this amount of wind energy
is captured, a “build-up” in front of the rotor creates a limiting factor for future wind capture. The energy
in the wind grows per windspeed 3. Meaning that double the wind speed you have eight times more
power. The nominal power of the generator sets the upper limit to the output so that the windspeed 3
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curve flattens out once nominal output has been reached. Oversizing the generator to rise that limit makes
economically little sense, as very high wind conditions happen only a small fraction of the year.

Wind turbines are comprised of several main parts, which include the foundation, tower, nacelle, rotor,
and transformer. The foundation is the base of the turbine that keeps the structure secured to the ground.
The tower is the largest and most visual aspect of the structure. The tower size will vary based on the size
of the turbine, required height to achieve optimal wind input, and size of the rotor. The nacelle is an
important structure that connects the tower to the generator and eventually the rotor. The rotor is
comprised of blades that ultimately capture the wind and run the turbine. Lastly, the transformer adapts
the voltage produced to the grids needs. A controller inside the base of the tower ensures all aspects of
the turbine are running properly, making it an autonomous generating asset.

5. Low-speed shaft
6. Gear box

7. Generator

8. Controller

9, Anemometer

10. Wind Vane

11. Nacelle

12 High-speed shaft
13. Yaw drive

14, Yaw motor

15. Tower

Figure 1: Wind Turbine Cross Section

Most of the inner workings of the turbine are located inside of the nacelle. The rotor is attached to the
nacelle by way of the main shaft. As the wind turns the rotor, it turns the large main shaft, which is
attached to a gearbox. The gearbox is used to turn the low rotations per minute (RPMs) of the rotor into
a much higher number of rotations to generate electricity efficiently. This ratio will vary depending on the
size of the turbine. As an example, the gearbox in an industrial sized turbine could turn 22 RPMs of the
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rotor into around 1500 revolutions per minute. In newer turbines adaption to grid frequency is done by
electronic means offering the generator to operate at different non-constant speeds.

The next essential part connected to the gear box is the yaw bearing. This is a bearing mounted right at
the top of the tower. A large yaw wheel fits into the bearing and turns the nacelle and rotor in the direction
of the wind when the yaw motor is engaged. A large generator is then attached to the gearbox. The
current from the generator is sent down through the tower and into the transformer through large
electrical cables. In addition to the large controller at the base of the tower, there is a smaller controller
in the nacelle that will allow the rotor to start when the anemometer reads that there is enough wind.
The anemometer is a small wind meter that will read the wind speed. The wind vane attached to the top
of the anemometer will read out the dominant direction, causing the yaw motor and wheel to turn
accordingly. Lastly in the nacelle, there is a mechanical brake that will allow the rotor to be stopped if
mechanical repairs are necessary. For more information and references, please refer to Appendix D.

A typical wind turbine power curve is shown in Figure 2, which plots Active Power (in kW) vs. Wind Speed
(in meters/second):

Power (kilowatts)
A Rated output speed Cut-out speed
Rated output power +
Ty Power curve
Cut-in speed
35 14 25
Steady wind speed (metres/second)
Typical wind turbine power output with steady wind speed.

Figure 2: Typical Wind Turbine Active Power vs. Wind Speed

The Cut-in Speed is the wind speed value which causes the active power to begin rising, while the Cut-out
Speed is the wind speed which causes the active power to begin dropping. The Rated Speed is the wind
speed which causes the active power to plateau, while the Rated Power is the corresponding active power
value at the rated speed. This graph is true for a fixed air temperature.

Changes in air temperature will cause this power curve to shift, as per Figure 3 below:
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—~ rho = 1.342 kg/m~3
at T=-10°C

1~ rho

Power (W)

0 5 10 15 20 25 30
wind speed (m/s)

Figure 3: Effect of Air Temperature on Typical Wind Turbine Power Curve

Air temperature variations shift the power curve up at lower temperatures and shift it down at higher
temperatures. Rho is the air density, which is affected by air temperature, humidity and altitude of the
installation.

The wind turbine power curve will become important in Section 3, when we prepare our wind farm
dataset for machine learning, in order to predict active power from a given wind speed and air
temperature.

.Review the Wind Farm Asset Framework Model in Pl System Explorer

.9 : ; : .
‘ Before reading this section, please refer to the following course YouTube

video: https://youtu.be/9kW4ihPgFxU

Video

The class will use a sample wind farm database named Wind Power which consists of a fleet level element
(Wind Power Generation Fleet) with a single wind farm (Big Buffalo Wind Farm) in Amarillo, TX that has
10 turbines. Open AVEVA™ PI System Explorer (PSE) and navigate to the Wind Power AF database.

Each of the turbines is built from the same AF element template, Wind Turbine, which can be viewed in
the Library under Element Templates.

Each turbine has a variety of data associated with it, including Pl Point real-time values, as well as
metadata such as location and manufacturer information.

We will not focus on all the AF attributes, but will be primarily concerned with Active Power, Wind Speed,
Air Temperature and Turbine State data for this course.
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) \\PISRVOT\Wind Power - PI System Explorer (Administrator)
File Search View Go Tools Help
@ Database [X]Query Date - © & | Back H, CheckIn ) « [2]Refresh | (3 New Element ~ =] New Attribute

Elements GEO1
(B Eements General ChidElements Attributes ports  Analyses Notification Rules  Version
&~ (9 Wind Power Generation Fleet
&l 9 Big Buffalo Wind Farm =
& oL ter £
g ez 7| t|m|#/2 Name 2| value Time Stamp @
a
GE03
& G4 B (2 category: Control
@ GEOS i E Z
9 ceo6 ] § ¢ Turbine State iLoad Operation 2/3/2020 7:44:10 PM
& GEo7 B (=) Category: Eiectrical Measurements
@ GEs
L] Active Poner 280.5 ki 3/2020 7:44:10 PM
@ GED9
& GEw 50 & Active Power Predicted Pt Created 1/30/2020 9:21:40 PM

), Element Searches
Category: Generator

B | ¢ Active Power 280.5 ki 2/3/2020 7:44: 10 PM
;0 & Active Power Predicted Pt Created 1/30/2020 9:21:40 PM
=] Category: Identification

B ] Manufacturer Truvale 1/1/1570 12:00:00 AM
] Model Tos-2MW 1/1/1970 12:00:00 AM
m 1 Rated Power 1500 k' 1/1/1970 12:00:00 AM

=] Category: Location
] Latitude 44011 1/1/1970 12:00:00 AM
B 21 Longitude -101.83 1/1/1570 12:00:00 AM

=l Category: Mechanical Measurements

B | & Badel, Actua Vale 0.19795 2/3/2020 7:44:10 PM
B ¢ Blade2, Actual Value -0.040059 ® 2/3/2020 7:44:10 PM
& Blades, Actual Value 0.025244 ¢ 2/3/2020 7:44: 10 PM
B ¥ Nacelle Position 334.38° 2/3/2020 7:44:10 PM
B ¢ Rotor Speed 13.661 rpm 2/3/2020 7:44:10 PM

g Category: Met
] &7 Air Temperature 13.654 °C 2/3/2020 7:44:10 PM

& Wind Speed 6.5702m/s 2/3/2020 7:4%: 10 PM

The AF attributes of interest and their corresponding Pl tags are shown below (XX refers to the Wind
Turbine number, e.g. 01 for GEO1, 10 for GE10)

Active Power : \\PISRVO1\GEXX.P.ACT.PV

Wind Speed : \\PISRVOI\GEXX.V.WIN.PV

Air Temperature : \\PISRVOI\GEXX.TGEN.COOL.PV
Turbine State : \\PISRVO1\GEXX.0S.T.PV

PwnNPE

After exploring the data for this wind farm in PSE, we want to send these tags as separate data streams
to ADH next.

.9 : : .
‘ Before reading the next section, please refer to the following course

YouTube video: https://youtu.be/IsQhYP7t3ho

Video

iii.Analyzing Wind Farm Data Streamed in ADH

0.9 . . . .
‘ Before reading this section, please refer to the following course YouTube

video: https://youtu.be/-r-osfiRdIA

Video
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1. Logging in to ADH

In a browser, navigate to https://datahub.connect.aveva.com
Click on the Sign In button at the top right corner, and enter your credentials.

AV=VA

XXX@Mail.YYy

On the login page, please enter the email address and password that was chossen for the AVEVA
Data Hub and click on the Sign In button.

Once logged in to AVEVA™ Data Hub, you will see the Navigation menu in the portal.

ﬂ Home

@

Data Management P

2 Data Collection »
I,d Visualization 3
2 Analytics 3
e Security b
'\ Developer Tools »
o Support 3

We will begin with a brief tour of the AVEVA™ Data Hub Portal, specifically the Data Management
section, in order to familiarize ourselves with the features and functionalities available to
subscribers.

The wind farm data streamed to AVEVA™ Data Hub is housed in a Namespace which has a
Connection to an AVEVA™ Pl Server, and the individual tags are stored as data streams in the
Sequential Data Store (SDS) under that Namespace.
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Exploring Data Management Section in AVEVA™ Data Hub

Introduction to Namespaces

The Namespace we will be using for this course is “AVEVA Data Hub — Data Views”, which is
available from the drop down list at the upper right part of the screen

o AVEVA Data Hub-Dat.. -

An AVEVA™ Data Hub account is divided into one or more namespaces, which correspond to a
specific collection of infrastructure data. Each namespace corresponds to an instance of SDS, and
holds its own set of SDS Types, SDS Streams, and SDS Stream Views. Namespaces serve as the
destination for incoming stream data.

To view namespace details, select an existing namespace, and click Display Details. The type
count, and stream count refer to the number of SDS types and SDS streams, respectively, that
have been created for the selected namespace.

Select a Namespace

Filter Namespaces...
See Namespace Details
AVEVA Data Hub - Data Views

westus
78039f43-f0e1-4566-abb1-b08a20556c23

AVEVA Data Hub - Remote Monitoring
westus D i ]
1314b6b0-ff3e-4d36-9078-294d14d1723

Stream Count: 200
Type Count: 2
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Introduction to Connections

The specific connection that streams the wind farm data from the AVEVA™ PI System to ADH is
Data from feed environment 434, which is already created in the AVEVA Data Hub — Data Views
namespace. This connection was done via the AVEVA™ Pl to Data Hub Agent, which has already
been configured and running on a Master Training Cloud Environment (TCE) machine to stream
this data to AVEVA™ Data Hub. For information regarding setting up this Agent to stream data to
AVEVA™ Data Hub, please refer to Appendix A of this manual.

You can establish high-throughput data connections from a AVEVA™ PI System or any OMF-
compatible data source into AVEVA™ Data Hub with the Connections feature.

If needed he agent can be downloaded under Data Collection / PI to ADH Agents

AVEVA™ DataHub » Plto Data Hub Agents

M Home Filter Agents 2, Manage Permissions % Remove Agent [ Logs Download Agent

Description 1 Y  Status Y  Version Y DataArchive Y Region Y Namespace Y

(]

Data Management P

Data from feed environment 434 Good ®18.20 PISRVO1 westus AVEVA Data Hub - Data Views
3= Data Collection »

to

Introduction to Sequential Data Store (SDS)

SDS is a cloud-based streaming data storage that is optimized for storing sequential data, usually
time-series, but can be anything that is indexed by an ordered sequence. SDS stores these streams
of events with a specific type and provides convenient ways to find and associate events.

There are 3 elements of SDS, which are SDS Types, SDS Streams and SDS Stream Views. SDS Types
and SDS Streams will be presented in more detail below. SDS Stream Views will not be discussed
in this course but there are OSlsoft YouTube videos which explain their definition and
configuration:

1. What is a Stream View? - https://www.youtube.com/watch?v=8iTgWyvc7eQ
2. Create a Stream View: https://www.youtube.com/watch?v=jhLgqmLNOrQE
SDS Types

An SDS Type defines the shape of a single measured event and gives structure to data. SDS Types
can define simple atomic types, such as integers, floats, strings, arrays, and dictionaries, or they
can define complex types, which can be collections of simple types. In this course, we will create
a complex SDS Type to store our forecasted data back in AVEVA™ Data Hub later.

' You cannot edit an existing type. In order to have a type with different
L properties than originally assigned, you must create a new type.
Note
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The pre-configured PI to Data Hub Agent creates and uses seven (7) SDS Types, which are PI-Timestamp,
PI-String, PI-Int32, PI-Int16, PI-Float64, PI-Float32 and PI-Digital.

A Home Types ~ Search for Types Q ‘
£ Data Management »
32 Data Collection y Old4 Name
| Visualization , [ Pioigital Pl Digital
[J PiFloat32 Pl Float32
> Analytics »
[J PI-Fleatsd Pl Floatad
@ securiy v
) PHnti6 Plint16
Developer Tool (-
N, Developer Tools [ PHm32 Pl Int32
© suwport P [J Pesting Pl String
[ PITimestamp PI Timestamp

Streams are collections of sequentially occurring values indexed by a single property, typically time
series data. You define streams to organize incoming data from another system into AVEVA™ Data
Hub. To define a stream, you must first define an SDS type, which defines the structure of the data
you want to stream into a selected namespace. SDS Stream identifiers must be unique within a
Namespace and must include a Typeld that references this SDS Type.

You create and write data to streams using a REST (REpresentational State Transfer) APl (Application
Programming Interface) or OMF (OSlsoft Message Format). The streams created can be used to store
simple or complex types. In this course, we will create a new data stream and send values using the
ADH Python library functions later.

0Slsoft Cloud Services » Sequential Data Store ocsDataViewsFiwe - M @ @

A Homs Strearms = carch for Strea | o + Add siream [

i =

d 4 Name Desaription Typeld

PLPISRVO1.100 GEQ1_BLIACT.PY Turbine 01 Blade 3, Actusl Value PiFloat32

PLPISRVD1_101 GEQ1_NROTFLC_PY Turbine 01 Rots
PLPISRVI1_102 Turbine 01

PLLPISRVD1.103 Turbine 01 Nacelle Position

Turbine 01 Pow,

Turbine 01

Turbine 01

PLPISRVO1_107

Turbine 02

PILPISRV1_108 Turbine 02 81

T 2 T 3

PLPISRVD1_109 Turbine 02

We would like to now confirm and verify that all relevant data/events for the wind farm have been
sent from the Pl System and are present in the SDS, as well as perform some preliminary data
exploration and analysis.
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Navigate to Data Management / Sequential Data Store. On this page, you can search for all the Active
Power streams. On the Search field on the Streams tab, enter *P.ACT*, which would result in only
the Active Power data streams for all the wind farm turbines being displayed.

If one of the data streams is selected such as GEO1.P.ACT.PV, a Manage Data Button appears under
the Streams Detail tab.

0CS Data Views Pi Worl .+ Streams L e ERCEELY i | GE10_PACT_PY s oEox

B ut Mo Descrption Typeld

PLPISRVO1_
PLPISRVO1_167
FLPISRYO1_176

B Fipsriss GEN0_PACT.PY Tusbine 10 Power PiFleatz2

Press it to get to the next page. Set the Query type to Get Range Values. The Get Range Values query
type is similar to viewing data via Pl System Management Tools under Data>Archive Editor. If the Get
First Value or Get Last Value query types are selected, this would display a single data point at either
the beginning or the end of the data timeframe, respectively.

Enter a Start Index of 03-02-2022 and click on Apply. The results for the Active Power stream for
Wind Turbine GEO1 will be shown in tabular form with a 100-event count (modifiable via the Count
field) with a trend shown on the on the bottom.
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AVEVA™ DataHub » Seguential Data Store & wmaossiboe - ) @ O

A Home & Back to Streams GEQ1_PACT_PV (PLPISRVD1_104)
[T T B T Range Query + Add Event [
2 Data Collection b Stream Id Timestamp o Value IsQuestionable IsSubstituted IsAnnotated
PI_PISRVD1_104
. S 02.03.2022, 01:0000 1481 false false false
| visuslization 3
Stream Name 0203.2022, 010002 n3s false false false
2 Analytics = )
02.03.2022, 01:00:04 1030 false false false
Security v
© Stream Description 02.03.2022, 010005 1002 false false false
Turbine 01 Power
9, Developer Tacls 4 02.03.2022, 01:00:06 1044 false false false
0 suvor , | QueryType 02.03.2022, 01:0007 1158 false false false
Get Range Values - 02.03.2022, 01:00:09 146 false false false
Start Index 02.03.2022,01:0013 1056 false false false
03-02-2022 LT R ALY
Count Showing 1- 50 of 100 htems perpage: 50 - 1-] >
100 XAxis Timestampv ¥ Axis Value v
Reversed
=]
800
o1 AM 15 30 45 o101 5 30 45 0102 15 20 45 0 15
Timestamp

COLLAPSE <

Visualizing Wind Farm Data in ADH

We can delve deeper into the visualization and trending of the wind farm data in the Visualization section
of ADH. On the Trend page under Visualization, data streams in ADH can be trended, analyzed and overlaid
for various time ranges of interest.

ﬁ Home
Q Data Management  » ‘ ¢ -
- .
#= Data Collection 4 WHM} ”{
ndn " |]I.Uuﬂ
|~ visualization ’® Trend
Asset Expl
> Analytics 4 sest mplorer 1

In this section, the Active Power for the wind turbines for the last week will be analyzed. In the Search
query bar, enter *P.ACT*, and click the magnifying glass icon. This will return the Active Power for all the
10 turbines. Add the P.ACT.PV values for the first 3 turbines (GEO1, GEO2 & GE03) to the trend by clicking
the + button to the right of the corresponding data stream.

19| Page



N Add Traces

Assets Streams

*PACT*

GEO1.PACT.PV | Value
Turbine 01 Power

GEOQ1.PACT.PV | SystemStateCode
Turbine 01 Power

GEO01.PACT.PV | DigitalStateName
Turbine 01 Power

GEQZ2 PACT.PV | Value
Turbine 02 Power

GEO2.PACT.PV | SystemStateCode
Turbine 02 Power

GE02.PACT.PV | DigitalStateName
Turbine 02 Power

GEO3.PACT.PV | Value
Turbine 03 Power

GEO3.PACT.PV | SystemStateCode

<[] (o]
D
O
D

In the Time Range field, select Previous Week from Quick Ranges.

Quick Ranges @ Custoem Range

Yesterday Today Last 5 minute:
This day last week Today so far Last 30 minut;
Previous week This week Last 1 hour
Previous month This week so far Last 8 hours
Previous year This month Last 12 hours
This year This month so far Last 24 hours

5 Last 2 days

es Last 7 days
Last 30 days
Last 90 days
Last 6 months

Last 1 year

[ ] ‘ -] Pre[{lous week =

]

<]

L

The corresponding trend should be as below:
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OCS Data Views P World 2021 =
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““”W Ww"%w LY. W, N

Mon 30 Sepls

Each Active Power data stream is trended as a separate graph, but we can combine the 3 data streams
into a single graph by clicking on the Layers icon at the top left corner:

1L

Selecting Single converts the trends into a single graph with a single y-scale as below.

£ Single
E%mltiple

‘ # Stacked

Selecting Multiple converts the trend into a single graph but with multiple y-scales now:
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Clicking on a specific data stream in the table below the trend highlights the trend, and a trend can be
added or removed by checking or unchecking the box to the left of the stream name. The last value,

minimum, maximum, and
data over the entire time

” Name

GEO1_PACT_PV
Q9
B value
GE02_PACT_PV
B value

GEO3_PACT_PV

B value

average values are shown for each trace in the table, making it easy to analyze
range in the trend.

Timestamp Value

9/4/2021 11:56:03 PM -9.000 -29.000 1,698.000

-

9/4/2021 11:37:38 PM -20.096 -37.000 1,576.000

9/4/2021 11:49:22 PM -5.351 -34.000 1,658.000

-

When you select (highlight) a trace, its minimum and maximum are automatically marked as well as the
average for the time range.

When multiple cursors are added to the trend, the duration, delta (difference), average, minimum, and
maximums between consecutive cursors are calculated and displayed, to analyze periods in-between the

cursors. You need to click

0CS Data Views P1 World 2021 =

o

on the + on the cursors to activate the calculation

L2 g

1.658

Rix
&

Man 3
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Timestamp B GEO1_PACT_PV | Value GE02_P.ACT_PV \balue B GE03_PACT_PV | Value
53

) 08/30/2021 02:56:30 PM 1,698.000 150077 1,586.250

9 -29.000 -29.000 -34.000
3d 1,698.000 1,548.000 1,658.000

10:12:02 400476 417692 424,663

-1727.000 -1495.327 -1,559.564

Q 09/03/2021 01:08:32 AM -29.000 14445 26.686

Managing Stream Metadata in ADH

Q.9
‘ Before reading this section, please refer to the following course YouTube
video: https://youtu.be/wijDu4hM8TA

Video

Stream metadata in ADH is essential in providing context and associated information for data streams. In
our case, we need to provide metadata for our wind farm data streams, so that we can identify which
streams are associated with a specific turbine, and what type of measurement that stream describes.

This is needed when we create an ADH Data View in the next section for the subsequent machine learning
application, and is analogous to metadata inclusion for elements in Pl Asset Framework in order to be
used later in a Pl Integrator for Business Analytics, for instance.

Under the Sequential Data Store -> Streams, after selecting at least one stream there is a Metadata and
Tags tab on the right:

Details Metadata and Tags

Stream Tags

No tags to display.

Stream Metadata
Metadata Value
engunits Deg. [ ]

pointid 100 [ ]

Stream Tags and Stream Metadata

Stream tags in SDS are used to categorize or denote special attributes of streams and are represented as
a list of strings. They are defined by specific rules.

Stream metadata is represented as a dictionary of string keys and associated string values (i.e. key-value
pairs). It can be used to associate additional information with a stream. When streaming data from a Pl
System to ADH, all configured PI Point attributes and classes such as PointID, Point Source, EngUnits, etc.
are automatically included as Stream Metadata. If a wind farm stream such as GE10.P.ACT.PV is selected
from the list, its Stream Metadata is shown as below, as these values were already set when first
configuring these tags in the Pl Data Archive.
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GEO01.PACT.PV P

Details Metadata and Tags

Stream Tags

No tags to display.

Stream Metadata

Metadata Value

engunits kw [ ]
pointid 104 [ ]
pointsource Wind [ ]
pointtype Float32 [ ]
sourcetag [ ]
step 0 [ ]
tag GEO1.PACTPV o

Metadata for each stream can be added individually by switching to the edit mode (pencil icon)

GEO1.PACT.PV /‘@
Details Metadata and Tags

Stream Tags

Mn tans tn dianlaw
Toggling the metadata pane then via the +Add Metadata button.

PiFloat3z

Tags Metadata
MetadataValue

engunits W
pointid 104 n
pointsource wind
pointtype Float32
sourcetag Metadata Value.
tag GEQ1_PACT_PV n

If metadata for multiple streams need to be added in bulk, the Metadata Management page under the
Data Management section of the Navigation menu should be used instead.
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A second way is to use the Asset Management functionality which will include metadata and Asset

context in one step

>

Home

@

Data Management F Namespaces

Sequential Data Store

N .
#= Data Collection »

Metadata Management
I,d Visualization »

Asset Management (Preview)

Metadata Management / Asset Management

ADH Metadata Rules enable users to relate similar data streams for the purposes of analysis and display,
and to feed into downstream applications. Metadata rules also create and assign metadata to the streams
they identify in bulk. Metadata rules are created by selecting parsable metadata from stream name
structures and applying the rule to identify all streams whose names match the defined pattern.

In this case, we need to create metadata rules for all the wind farm data streams in order to associate
each stream with a specific turbine (i.e. GE01, GE02, etc.), as well as designate the measurement type (i.e.
Active Power, Wind Speed, etc.).

Another way to get to the same result is to use an Asset Rule

=
Note

There is already an Asset Rule created for this course called Turbine
Enumeration. Please do not create any additional Metadata / Asset Rules
because every student uses the same SDS Streams, and any new Metadata
Rule created will overwrite the existing rule on the shared SDS Streams,
thus creating potential errors/conflicts. This is because Metadata Rules are
intended to only be used by Account Administrators when initially
configuring data in Namespaces.

You can view this existing Metadata Rule configuration by selecting the Edit
Metadata Rule option. The information stated below is just for reference in
case this Metadata Rule needs to be recreated from scratch.

The exact steps how to set up an asset rule are detailed in the appendix.
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Alternative approach

In the next version of the AVEVA™ Pl to Data Hub Agent there will be a close link between the asset
structure in AF and the way to create assets. Alle the steps to identify asses are significantly simplified by
using this approach.

PREVIEW: Assets can be imported directly by creating a data transfer that relates to Asset Framework.

Transfer @
Search X

AF Element Search P1 Point Search

Search Criteria ~
AF Database Wind Power v
Root Asset \Wind Power Generation Fleet [
Element Name Enter Element Name

Attribute Name Enter Attribute Name

Attribute Value Enter Attribute Name = ¥ | Enter Value
Template l Wind Turbine -
Category [ <All> - ‘

Search Results (10)

Wind Power Generation Fleet\Big Buffalo Wind Farm\GEO1
Wind Power Generation Fleet\Big Buffalo Wind Farm\GE02
Wind Power Generation Fleet\Big Buffalo Wind Farm\GE03
Wind Power Generation Fleet\Big Buffalo Wind Farm\GE04
Wind Power Generation Fleet\Big Buffalo Wind Farm\GE05

Wind Power Generation Fleet\Big Buffalo Wind Farm\GE06
Wind Power Generation Fleet\Big Buffalo Wind Farm\GE07
Wind Power Generation Fleet\Big Buffalo Wind Farm\GE08
Wind Power Generation Fleet\Big Buffalo Wind Farm\GE09
Wind Power Generation Fleet\Big Buffalo Wind Farm\GE10

The assts of type (template) Wind Turbine are automatically selected including all Pl Tags as streams and
all Attributes as Metadata making the data import and association to asses much easier then using asset
rules.
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Preparing Wind Farm Data for Machine Learning Using ADH Data Views

®.9 . . : :
I Before reading this section, please refer to the following course YouTube

video: https://youtu.be/YRpU4xyZ69A

Video

Once the relevant stream metadata has been added, we now need to prepare our wind farm dataset to
be used for machine learning, with the relevant associated metadata. For this purpose, we utilize the Data
View feature in AVEVA™ Data Hub under the Analytics section of the Navigation menu:

ﬂ Home
g Data Management P Latest Servic
- 0Slsoft Cloud Se
#= Data Collection 4 Sep 14, 2021, 1:17
On September 15t
ld Visualization 4 login to the OCS ¢
femm e el
2 Analytics {Vj Data Views 1
th

A Data View is a user-selected subset of data from one or more streams, presented in a tabular format.

A data view is created by defining the target namespace, the source stream or streams, the desired data
fields, time period, and interpolation interval. The ability to create data views in AVEVA™ Data Hub
meshes directly with AVEVAS's Data Science Enablement efforts, whereby users will be able to
programmatically access Data View content for the purposes of advanced analytics. In this section, we will
create a new Data View for the wind turbine data so that it is accessible externally in Microsoft Power B
and in a Jupyter Notebook.

' Unlike Asset / Metadata Rules, each student can create their own Data
* View, which will not impact the shared SDS Streams. Thus, feel free to
Note follow the instructions below to create your own Data View in ADH.

To create a new data view, click Add Data View in the Data Views pane.

1)) Give the Data View a name as follows “Wind Turbine Data_NNN_XXXX-XX-XX", where NNN are your
initials and XXXX-XX-XX is today’s date in four digit year, two digit month and two digit day respectively.

0OsSlsoft Cloud Services Data Views

OCS Data Views Pl Worl.. = | Filter DataVie + Add Dafp View

Id 1 Name Description

2) The Query ID is “GE Query NNN”, were NNN are your initials
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3) Select the Query Type to assets

Query Id Query Type
GE Query TWS O Streaffis @ Assets

Query Value @

Search...

4) As Query Value enter “GE*” press Search . This will return all the assets of the course.

M Home Name  Wind Turbine Data_twe_2021-09-16 Description  Description Data View Shape @ @ Standard (O Narmrow
£ Data Management  } + Add Query @ Queyld Query Type
GE Querry () streams @ Assets
42 Data Collection » | GEQuery Assets
Query Value
I~ Visuslization » ¥ Value @ _
GE* Q Search
> Analytics »
Asset Name Assetld
@ Security »
GEO1 GEO1
A, Developer Tools atoz .
@ support » GEO3 GEO3
GEO4 GEO4
GEOS GEQ5
GEOG BEQ6
GEO7 GEO7
GE08 GE08
GEO9 GE09
GE10 GE10

5) Press Save and Next
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We then select the values. There should be nine.

Add Data Fields

o Select Data Fields

e Edit Data Fields
Optiona

Value €  Filter by Summary Type...

Filter by text...

B select All [ show Included Fields

B GE Query NNN (9) ~

O

8 0O O

8 0O O 0O O O

O

Active Power | IsQuestionable
Property Id

Active Power | |sSubstituted
Property Id

Active Power | SystemStateCode
Property Id

Active Power | Value
Property Id

Blade1 Actual Value | DigitalStateName
Property Id

Blade1 Actual Value | IsAnnotated
Property Id

Blade1 Actual Value | IsQuestionable
Property Id

Blade1 Actual Value | IsSubstituted
Property Id

Blade1 Actual Value | SystemStateCode
Property Id

Blade1 Actual Value | Value
Property Id

Blade2 Actual Value | DigitalStateName
Property Id

This is the result with the values in a tabular view:
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i 0Slsoft Cloud Services Data Views

IMame | wind Turbine © Description Data View Shape @ ) Stendard () Narrow 0 Manage Queries
Index Field ~
Timestamp Name | Active Power Value @ | Blade1 Actual Value Value @ | Blade2 Actual Value Value @ | Blade3 Actual Value Value @ | Farm @  Generator Casling Alr Temperature Value
Timestamp Sep9,2021,120000AM  GEO1 1 35715

52p 9,2021,1:00:00 AM
Grouping Fields - -
— H S 300,00 AM
’ Sep 9,2021, 400,00 AM
8

[ 50000 AM
£00:00 AM

GE Querry Rssets  ~

21, 70000 AM
1dentying Field
121, 80000 AM

21, 90000 AM

idantifyingValus Active Power Value Uam

121, 10:00:00 AM

D000 AM

iderifyingValiie Bladel Actual Value Value g
2:00:00 FM

eritfyingValie Blade2 Actual Value Valus Ui - 0000 PM

121, 2:00:00 PM

ideriifyingValiie Blade3 Actual Value Value Uam
21, 300:00 P

Identifyingvalue Farm Uom 21, 400.00 PM

dartfyingValis Generator Cooling Alr

identifyingValie Nacelle Position Vaiue Usm -

Sep 9, 2021, BO0:00 PM

Showing 1 - 50 of 250 Mems per page: 50+ - |

identifyingValue Rotor Spesd valus Uom

identifyingValiie Turbine State Value U6

On the bottom of the screen under by clicking on the time bar

/21 12:00 AM - 9/10/21 12:00 AM, 00.01:00:00 ~ l ‘

A time selection window will appear

Index Configuration, keep the default settings for Start Index, End Index and Time Interval. These
settings are not important now as they will be changed programmatically later. If the Save Defaults with
Data View box is checked, the configuration set in these fields will be maintained the next time the Data
View is accessed via the user interface.

The index cenfiguration and retrieval method can be specified or overridden
when making a data query. See Get data view data.

Start Index (Local)

9/9/2021

End Index (Local)
9/10/2021

Time Interval (dd.hh:mm:ss)

0o 01 0o 00

Save Defaults with Data View @

Click Save and Close

The Data View now appears to be in the correct format needed.
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Connecting to ADH Data View using an ADH Client

®.9 . . : :
I Before reading this section, please refer to the following course YouTube

video: https://youtu.be/14Si8-cnhXU

Video

For external programs to connect to ADH, an ADH Client needs to be set up first. This Client’s details will
then be used to connect to ADH and access this Data View. Navigate to the Clients page under Security in
the Navigation menu.

M Home Client Type: Client-Creder
£  DataManagement » | Name T
- Facilitator Client
#= Data Collection b
0Slsoft Learning Client
ld Visualization b
ScottsTestClient
> Analytics »
e Security ’ Identity Providers
Groups
‘\ Developer Tools b P
Users
Support 4
o Roles
Clients
Trust Center

There is already a Client defined for this course, called PI World Client for Data View Lab. Click on this
client to view Details, Code Examples and more Information. The Client Type for this case is Client
Credentials.

Client-credentials type clients are used for server to server communication where no user interaction is
required. The client typically must authenticate with the token endpoint using its Client Id and Client
Secret, provided they are valid. The default (and maximum) token lifetime is 3600 seconds, which means
that authentication must be performed again if this time period elapses. Please make note of the Client
Id and Client Secret.

The Client Id can be obtained at any time for an ADH Client in the Client Details section under the Details
tab:
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Pl World Client for Data View Lab

Details Roles Code Examples Information
Client Details [
Client Id
D
41268d67-d633-4273-a771-Bdccd281e3a5
Tenant Id
D

c5daf43f-2712-4dfa-a0%9a-791d949e23h

Name
PI World Client for Data View Lab

Token Lifetime

3600 seconds

Status

Enabled

However, the Client Secret is only available upon first creation of an ADH Client, thus needs to be copied
immediately and stored in a safe place. However, if a user forgets or misplaces the Client Secret, another
one can be added by clicking on +Add Secret in the Client Secrets section of the Clients page.

Client Secret Details

Add Secret | # Edit Secret | B Remove Secret
Status + Description Expiration Date
D Active Actual Secret Mever Expires

In this section, a user can also edit or remove an existing Client Secret. On the Edit Secret page, the
Description or Expiration Date (including setting it to never expire) can be modified.

' A Client Id and Client Secret are used to authenticate and retrieve a token that
provides access to ADH. Any client that presents the Client Id and Client Secret will
L be able to authenticate and access data. A Client Id is not confidential, but a Client
Note Secret is. Hence, it is imperative that the Client Secret be stored in a secure location
that is accessible only to the client that needs to use it to authenticate and access

ADH.

For detailed information regarding adding a client-credentials type client, please refer to Appendix B.
Example code illustrating common connection syntax in different programming languages is provided on

the Code Example tab on the right. These examples are important if a user does not want to use the ADH
Python library but instead wants to connect to ADH via generic API calls instead.
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Utilizing AVEVA™Data Hub Data in Machine Learning
Model

a. Objective

The objective of this section is to connect to the wind farm ADH Data View created in the previous section,
filter the data set to remove outliers and use this cleansed dataset to train, test and evaluate a machine
learning model. This is all accomplished programmatically in a Jupyter Notebook via Python code.

b. Tasks

All the tasks below are to be done in a Jupyter Notebook with Python code:
Connect to ADH and access the Wind Farm Data View
Use Power Bl to get a first impression of the data

Determine variables that affect Wind Farm Active Power

1.
2.
3.
4, Cleanse and prepare a Wind Farm dataset for machine learning
5. Train & evaluate a selected machine learning algorithm

6.

Test trained machine learning model with sample input

c. Approach & Details
We will connect the data using AVEVA Data Hub Power Bl Connector and have a first look at it
We will connect to the created ADH Data View in a Jupyter Notebook locally on your Virtual Machine.

This will be done on the instructors VM to avoid placing personal credentials into the training VMs

i.Connecting with AVEVA Data Hub Power Bl Connector

The Connector has the following capabilities:

1. Import Data Views into Microsoft Power B

2 Choose from Interpolated or Stored data retrieval modes

3. Configure dynamic time ranges

4 Supported in Power Bl Desktop and the Power Bl Service (through an On-Premises

Data Gateway)
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The connector takes care of all connection and data transfer issues, so analysis of the data
can start immediately. The connector is preinstalled on your virtual machines.

Once Power Bl launched, skip all the windows were an e-mail is requested. Click get data
from another source

B o in !

Import data from Excel Import data from SQL Server Paste data into a blank table

<Eet data from another source — >

Create a new data connection. Search for AVEVA and pick the AVEVA™ Data Hub Data
Views.

Try a sample dataset

X
Get Data
an
Al m AVEVA™ Data Hub Data Views

Online Services

Press Connect In the following window the namespace “AVEVA Data Hub - Data Views”

Sign in with your credentials and chose the following dataset “Wind Turbine Dataview TWS
2022-04-04” Start Index 10 days ago, Format YYYY-MM-DD. End Index today. Interpolation
Interval 00:10:00

Navigator

Display Options ~ Dé Start Index

4 AVEVA Data Hub - Data Views [2]
4 Interpolated Data Views [2]
v fr Wind Turbine Data TWS 2022-04-04
[m] fx Wind Turbine Data_Test_2022-04-13
1 [ Stored Data Views

press apply to get a preview

Then press load to get the data
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End Index
2022-04-13

Interpolation Interval




o
Wind Turbine Data TWS 2022-04-04 &
Timestamp Name Active Power Value Bladel .
04/01/2022 12:00:00 AM GE01 -2.4512196
04/01/2022 12:10:00 AM GE0D1 50 o
04,/01/2022 12:20:00 AM GE01 B4.50009
04/01/2022 12:30:00 AM GE01 458
04,01/2022 12:40:00 AM GE01 23866032
04,/01/2022 12:50:00 AM GE01 55.3350d6
04/01/2022 1:00:00 AM GEO1 63.63333
04/01,/2022 1:10:00 AM | GEO1 -B.485033
04/01,/2022 1:20:00 AM | GE01 15.55931
04/01/2022 1:30:00 AM | GEO1 -2.8515452
04/01,/2022 1:40:00 AM | GEO1 -2.1252372
04/01/2022 1:50:00 AM | GEO1 -1.3665254 v
04/01,/2022 2:00:00 AM | GEO1 -0.6038136
< >
Load Transform Data | | Cancel |

We will not go into the details of Power Bl. There is a simple drill through Power Bl Report
built that takes a first look at the power curves by turbine.

IM

You may open it, it is in the folder Lab Material “Power Curves in Power BI”
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Power Curves in Power B - Power Bl Desktop L Search -

File Home Insert Modeling View Help Format Data / Drill
W @ [a & [BiEF o B2 [3 di[Al &
[ e = S LOH ® ® ' o A ﬁ:::
Paste 2 Copy Get Excel PowerBl SQL Enter Dataverse Recent Transform Refresh New Text More New  Quick Sensitivity | Publish
6 Format painter = datav workbook datasets Server data sources v datav wisual box visualsv measure measure
Clipboard Dats Queries Insert Calculations Sensitivity Share
wl @m Speed Value and Active Power Value i Y B2 a3
EH

1,500 e o © M.QO. o ©
4 & ‘°

1,000

@

2

n

>

—

3
I& 1

@

>

&  Turbine limited in Power to 800 kW

500
@
o9 °
Run up scatter
0 5 10 - -

L Wlnd_Speed Value 4

The turbine GEO5 is limited in power, there is scattered data probably due to start ups the
will need to be cleaned up before we apply machine learning.

Close Power Bl before continuing as it is consuming a lot of your VM resources!

For more detail on the connector see:

https://docs.osisoft.com/bundle/data-hub/page/visualize-data/power-bi-
connector.html
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ii.Using Jupyter Notebook Installed Locally on Virtual Machine

.9 . . . .
‘ Before reading this section, please refer to the following course YouTube

video: https://youtu.be/npZYLFUVNGO

Video

In order to connect to the Jupyter Notebook locally on your Virtual Machine, open the Lab Material folder
on the Desktop, then double-click on the Start Jupyter Notebook.bat file. The screen below should appear

after a few seconds, be patient:

~ Jupyter

Files  Rumning  Clusters

Select items to perform actions on them

0 ~ mi Name ¥ | LastModiied  File size

& Wind Turbine OCS Data_final.ipynb Tdaysago  370k8
16 days ago 168
Tdaysago 90T kB

Tdaysago  45k3

Click on the New dropdown menu in the upper right corner, then select Notebook: Python 3 to create a
new notebook with Python 3:

A Logout

sted # |Python3 O

" Jupyter Untitled Last Checkpoint a few seconds ago (unsaved changes)
p go (i ges)

File Edit View Insert Cell Kemel Help

B+ /@ B 4 % MRn B C W/ coe =

m[l: M|

In the Course Material folder, the completed Jupyter Notebook is available for review titled Wind
Turbine ADH Data_ADH Python Library. It is suggested that you either follow along with this finished
Notebook or copy and paste code sections into a new Notebook.

iii.Connect to ADH and access the Wind Farm Data View

In this course, we are going to use the ADH Python library, which has built-in functions to perform the
various ADH actions required. For documentation regarding the ADH Python library, as well as more help

with Python, please refer to Appendix D.

.9
‘ Before reading the next section regarding the APl Console, please refer to

the following course YouTube videos:

Video
1. https://youtu.be/BCPZ0O0Jc16l
2. https://youtu.be/zBJ2Fz-EUsA
3. https://youtu.be/50S haLiu-0
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An alternative would be to access ADH via generic REST API calls. There is another Jupyter Notebook in
the Course Materials folder titled Wind Turbine ADH Data_RESTAPI & OMF, which shows you how to do
the various ADH calls via REST API without the ADH Python library. Please note that the material refers to
the Heritage OSlsoft API! Adaptions need to be made. There is an APl Console under the Developer Tools
section of the Navigation menu which helps users verify their generic API calls:

Analytics 4
Security 4

Developer Tools 4 Code Samples

@ F & ™

API Congple
Support 4

OMF Editor

The API Console provides a graphical interface to utilize the SDS REST API, which enables you to read
and write SDS data.

Full Path u uswe datahub.CONNEC aveva.com/api/v1/Tenants/c5dag43f-2712-4dfe-a095-791d949ee23b/Namespaces,78039743-19¢1-4566-ab61-b08a20556023/DataViews ‘

UR ‘ GET - | /Namespaces/78039f43-19e1-4566-a061-008220556¢23/DataViews

Accept-Verbosity

Content-Type | applicatien/json ‘

Accept | application/json ‘

®

URIPath  GET uswe.datahub.cennect.aveva.com/api/vi/Tenants/csdags2f-2712-4dfa-3093-791d9492223b/ Nanespaces/ 7882943 fo1-4566-aD61-DR8a20556C23 /Datavicws

For more information regarding API calls, please refer to Appendix D.

.9 . : :
‘ Before reading the next section, please refer to the following course

YouTube videos:
Video
1. https://youtu.be/uo7aCMtaaOc
2. https://youtu.be/atwGVIEDzBE

If we utilize the Data Hub Python library connection methodology in the Jupyter Notebook, we need to
import the necessary Python libraries, modify the config.ini file, connect to ADH, then authenticate and
pass the identity token.

The config.ini file is available for review in the Course Material folder. The strings referenced in the ADH
Python library functions below correspond to the sections and content of this file, which needs to be
modified with the correct namespace, tenant ID, Client Id, Client Secret, etc. for this course:
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o IMPORTANT: replace th
H[Configurations])
“Namaspacs = OC3 Daca Views PI Werld 2021

-] [Access)

]
L]
L]
]
]
"
L]
]
1
¥
1
¥
-]
a
L]
. ]
5]
0
5
[
(=8
Lo

i
o

.

Resource = ttps://datahub.connect.aveva.com
Tenant = c5da’43f-271i-4dfa-alfa-T51d54%eed3b
LApiversion = vl
H[Credantials)
L[Cl;ez::d = 412E684567-d633-4273-a7T1-Bdecd2Ble3as

e
S |

; IMPORTANT: replace these values with those provided by 05Isof
] [Configurations]

Namespace = OCS Data Views PI World 2021 [Access]

Resource = https://dat-b.osisoft.com

Tenant = 95e3e8c9%-b327-4b36-92de-d61044£25£f76

ApiVersion = vl

7 [Credentials]

-ClisntSscret =

Note the Client Id and Client Secret under the Credentials section of the config.ini file for connecting to
the ADH Client we created, i.e. “OSlsoft Learning Client” Client.

®.©
‘ Before reading the next section, please refer to the following course
YouTube video: https://youtu.be/wUDY5wpjYwg

Video

We first import the necessary Python packages in our Jupyter Notebook and then connect to AVEVA™
Data Hub, where the code for this is as below:

In [1]: M get_ipython().magic(u’'config IPCompleter.greedy=True")

In [2]: M import requests
import configparser
import jsen
import pandas as pd
from datetime import date, timedelta
from ocs_sample_library_preview import *

In [3]: M config = configparser.ConfigParser()
config.read( config.ini")

ocsClient = OCSClient(config.get('Access’, 'ApiVersion'), config.get('Access', 'Tenant'), config.get('Access”, 'Resource'}),
config.get( Credentials’, ‘ClientId’), config.get( Credentials’, ‘ClientSecret’))

namespaceld = config.get( 'Configurations', ‘Mamespace')

The next step is to get the Data View and pass it to a pandas Data Frame. The Start Index is set to 10 days
prior to today’s date, the End Index is set to today’s date and the Time Interval is set to be 1 minute. The
count for the maximum number of rows of the Data View passed to the Data Frame needs to be increased
from the default of 1,000 to 150,000, so that all data contained is retrieved. Please ensure that the
dataviewld corresponds to the Data View name entered previously i.e. Wind Turbine Data_NNN_XXXX-
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XX-XX, where NNN are your initials and XXXX-XX-XX is today’s date in four digit year, two digit month and
two digit day respectively (e.g. Wind Turbine Data_APN_2020-08-28 in the example code below).

10 (41: W #da

dateFrom str(date.today()-timedelta(days=10))
dateTo str(date.today()) #1@ days of data

timeinterval '@0:01:00" #interpolate every minute

# urbine Data_NNN_XXXX-XX-XX, where NNN are yo initials

1 two digit day respectively (Wi

dataviewId= "Wind Turbine Data_twe_2021-09-16"

aind XXXX-XX-XX 1 today’s date in f

1ta APN_2020-03-23 in this example

t month ¢ Turbine

data, nextPage, firstPage = ocsClient.DataViews.getDatalnterpolated(namespaceld, dataviewId, startIndex=datefFrom,
endIndex=dateTo, interval=timeinterval, count=150000)
df = pd.DataFrame(data)

df["Timestamp”] = pd.to_datetime(df["“Timestamp"])
df

iv.Determine variables that affect Wind Farm Active Power

®.9
) ‘ Before reading this section & Section 3.3.4.1, please refer to the following

course YouTube video: https://youtu.be/e 5msGD5EME

Video

As a data scientist creating a machine learning model, one needs to be aware of the features that affect
the label prediction. This would need to be discussed with the Subject Matter Expert (SME). Thus, in order
to determine the features that affect the Active Power for a wind turbine, a correlation plot is added via
the matplotlib Python library. However, first, the Data Frame column names must be abbreviated, in order
to be displayed clearly in the plot. The code section for this, and the corresponding plot, are below:

n [5]: M import matplotlib.pyplot as plt
import numpy as np

In [6]: M #Renaming DataFrame column names to abbrey

riations, in order to display these

df.rename(columns = {'Bladel Actual Value Value':'BL1', 'Blade2 Actual value Value':'BL2’
g 3 lue Value':'BL3', 'Rotor Speed Val
AP', 'Nacelle Position Value':'NP

';'Hﬁ'}, inplace True)

n [7]: M #Check the correlation between Active Power and the rest of the variables
#retrieve the correlation table

df_corr = df.corr()

#increase the size of the figure

fig = plt.figure(figsize=(50,10))

ax = fig.add_subplot(111)

#se he color pallete (Red, yellow, green)
cax ax.matshow(df_corr, cmap=plt.cm.RdY1Gn)

fig.colorbar(cax)

#configure the labels

labels - [c for c in df_corr.columns]

#make sure to show all the Labels
ax.set_xticks(np.arange(len(labels)))
ax.set_yticks(np.arange(len(labels)))

~+

#Setting labels for the x and y axes of the correlation plo
ax.set_xticklabels(labels)
ax.set_yticklabels(labels)

plt.shou()
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100

075

Figure 4: Correlation plot for Wind Turbine Attributes

As per the plot above, the Active Power is strongly correlated with Air Temperature, Rotor Speed, Turbine
State and Wind Speed. Since Rotor Speed is directly affected by Wind Speed and the turbine only
generates power when it is operating (the Turbine State), the two weather variables, Wind Speed and Air
Temperature, are selected as the features of interest for our machine learning model, with Active Power
as the desired label.
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v.Cleanse and prepare a Wind Farm dataset for machine learning

Generating Wind Turbine Power Curve & ldentifying Outlier Data Regions

In order to be consistent with the original Data View column names, we rename the Data Frame
columns back to their original titles. Next, a scatter plot of Active Power vs. Wind Speed is added
and visualized:

M #Renaming DataFrame column names from abbreviations back to their original full names
df.rename({columns {*BL1':'Bladel, Actual Value Value', °"BL2":'Blade Actual Value Value',
"B ‘Blad Actual Value Value®', 'RS 1 Value :"Turk
AP A E alue', "'NP":"Nacelle Position Value', "AT':'Air Temperature Value®,
S':'Wind Speed value'}, inplace = True)

fig = plt.figure(figsize=(18,18))
ax = fig.add_subplot(111)
ax.scatter(df[ 'Wind value'], df[’active Power Value'])
ax.set_xlabel( ")

2000 T T

1500

1000

Active Power (kW)

500

Figure 5: Plot of Wind Turbine Active Power vs. Wind Speed for Unfiltered Dataset
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The data seems to describe something like the typical power curve for a turbine. This is good news
for our modeling efforts. However, the data set needs to be cleaned up before using it to train a
machine learning model. Upon consultation with the subject matter expert (SME) for wind
turbines, 3 outlier regions are identified:

1. The red region is due to one of the turbines (GE05) having a different Rated
Power than the others.

2. The blue region is due to the turbines not producing power even though the

wind is blowing; this could be due to maintenance, shutdowns, or curtailments (e.g., the grid will
not accept power).

3. The yellow region is due partially to some short periods of low production
between stops and mostly to an unexplained period of low production during high winds.

These outliers need to be filtered out before we send the data to a machine learning model.

0.9 . . . :
‘ Before reading this section, please refer to the following course YouTube

video: https://lyoutu.be/QYNGtMKghOc

Video

Removing Turbine GE 05

First, for the red box in the scatter plot, GEO5 is also excluded from the data set, because it has a
much lower Rated Power than the other turbines. Also, high wind speeds (above 13 m/s) that do
not alter the Active Power are also removed

filterOutGE@S = df['Name'] != "GE@5"
df_Filter = df[filterOutGEes]

Removing negative Values

Then, any negative values of Active Power are removed (turbine is not turning and consuming
some power for its internal control systems)

M #Filter ut negative & exce ive Active Power Values
filterNegativeActivePower = (df_Filter['Active Power Value'] >= @)
df_Filter = df_Filter[filterNegativeActivePower]

Exclude bad performing areas

. Next, in order to exclude operating periods corresponding to high wind with lower than expected
power generation (yellow box in scatter plot), a filter criterion is used when ‘Wind Speed’ > 10
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And ‘Active Power’ < 600. Typically, the power is expected to be above 1000 kW for the turbines
of interest at these high wind speeds.

In %2 M #Remc S 1ere we have a high wind speed and low active power in order to keep only the normal ope
F1lter0utLo Po,eﬁnghmndSpeedData (~((df_Filter['Wind Speed value'] » 18) & [ﬂf Filter[ Active Power \
df_Filter = df_Filter[filterOutLowPowerHighWindSpeedData]

Use normal operating Sate only

For the blue box in the scatter plot (i.e. to eliminate times of little or no production due to
curtailments, maintenance, etc.), we need to know the Turbine State of the wind turbines. We
have a Turbine State Value column in our Data View, but these are integer values which
correspond to specific operating states. In the df Data Frame, we need to use a filter criterion
when the ‘Turbine State Value’ = 16.

In [14]: MW #Keep only the rows which co nd to the "Load Operation” state
hlterLoadOper‘atmnSta(e = df Filter'[ Turbine State Value'] ==
df_Filter = df_Filter[filterLoadOperationState]

Filter out high wind speed

Hat high wind were the turbine dies no longer increase ist power the blades pitch (turn away from
the wind) offering less efficient power capture. The generator is at its limited power the turbine
uses just the wind energy needed to keep up.

M #Filter out high Wind Speeds (> 13 m/s) that do not change the Active Power results

filterOutHighwind - df Filter['Wind Speed Value' ] <13
df_Filter = df_Filter[filterOutHighWind]
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Plot Results

The updated scatter plot now more closely resembles a typical Power vs. Wind Speed curve for a
wind turbine (minus the section above the rated speed) as per below:

In [16]: M #Plotting Active Power versus Wind Speed - filtered data frame representing Normal Operating Conditions

fig = plt.figure(figsize=(10,10))

ax = fig.add_subplot(111)

ax.scatter(df_Filter['Wind Speed Value'], df_Filter['Active Power Value'])
ax.set_xlabel('Wind Speed (m/s)"')

ax.set_ylabel('Active Power (kW)')

ax.set_title('Active Power vs Wind Speed')

plt.show()

Active Power vs Wind Speed

1600

1400

1200

1000

Active Power (kW)

Wlind Connnd fenle)

Figure 6: Plot of Wind Turbine Active Power vs. Wind Speed for Filtered Dataset
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vi.Train & evaluate a selected machine learning algorithm

9‘9: Before reading this section, please refer to the following course YouTube
videos:
Video
1. https://youtu.be/-Xu099ubvOw
2. https://lyoutu.be/jgQcfEnlzaA
3. https://youtu.be/9pwUHx60Tus
4. https://lyoutu.be/WkneG5Hd6cl

The next step would be to randomly split the overall data into a training set and a testing set using a
function from the scikit-learn Python package. 75% of the data set is used as training data, while 25% is
used as scoring/testing data. The label data used are the Active Power values while the feature data used
are the Air Temperature and Wind Speed values:

M

#Prepa t training & testing/scoring data sets, and split them randomly

from sklearn mcdel select:on lmpu|t train_test_split

#define the target variable to be ,' edicted

y = np.nan_ to num(df F;lter[ Active Power Value'].values)

#split the dataset ran ¥ into test and train sets

X_train, X_test, y_ traln, y_test = train_test_split(np.nan_to_num{df_Filter[[ 'Air Temperature Value®', ‘Wind Speed Value']

y, test_size=0.25, random_state=42)

The machine learning model that we are selecting to use for this wind turbine case will be the Decision
Tree Regressor (DTR) model, which is available in the scikit-learn package. For more information regarding
the DTR algorithm, please refer to Appendix D.

M

& 151 Tree Regression Machi 2arning model from scikit-Llearn
from sklearn tree import DecisionTreeRegressor
regr_1 = DecisionTreeRegressor(max_depth=2)

regr_2 = DecisionTreeRegressor(max_depth=5
regr_1.fit(X_train, y_train)
regr_2.fit(X_train, y_train)

y 1 regr_l.predict(X_test)
y_ 2 regr_2.predict(X_test)

The resulting fit to the data by the machine learning model can be plotted as per the code below:

Ir

plt.figure(figsize=(10,10))

plt.sca:te[(}(_train[:, 1, y train, s=20, edgecolor="klack", c ge" label="data" )
plt.scatter (X_test[:,1], , label ")

!_l, color
2

¥ -
plt.st‘atte[(}i_test F y_', color="yel ; label="ma
plt.xlabel ("Wir 5

plt.ylabel ("!
plt.title ("De
plt.legend()

plt.show
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Decision Tree Regression
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Figure 7.A: Wind Turbine Power Curve with DTR Algorithm Fit to Filtered Dataset

As can be seen from the plot above, the Decision Tree Regressor model with a maximum depth of 5
decision trees fits the training dataset well.

We can visualize the binary nodes of the max_depth=2 decision tree to better understand how it works:

In [19]:

# Visualize Decision Tree (Depth 2)

from sklearn import tree

plt.figure(figsize=(12,12)) # set plot size (denoted in inches)
tree.plot_tree(regr_1l, feature names = FEATURE_NAMES, filled = True, fontsize=10);
plt.show()
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Wind Speed Value <ISB.92G

Wind Speed Value <= 6.853
mse = 60564.043
samples = 36380
value = 375.746

/\

mse = 18467802
samples = 18584
value = 190 944

Figure 7.B: Wind Turbine Power Curve with DTR Algorithm Fit to Filtered Dataset

mse = 21 .

samples = 61579

value = 695.332
mse = 31616.883 mse = 44036.321
samples = 17796 samples = 12580
v.:u\.; = 568.732 value = 935.275

vii.Test trained machine learning model with sample input

Next, this machine learning model is saved to a file via the pickle module, so that we can access it later
and feed live weather data to it. This model is then opened from the file, tested/scored and a sample
prediction generated from a given set of air temperature and wind speed values, as per below:
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https://youtu.be/F3JhYkHKvZE

.

In [28] M #save the machine Learning model to disk
import pickle
filename "WT_Acti
pickle.dump(regr_2,

model.sav

(filename, 'wb'))

[29]: M #Test the model with the scoring/testing data set

loaded_model = pickle.load(open(filename, ‘rb'))

result = loaded_model.score(X_test, y_test)
#print the model score
print(result)

0.9489498011964014

F, Wind Speed = 6.6 m/s

ictior ~ new 1
new_output = regr_2.predict(new_input)
print(new_output)

[279.67192816]

The coefficient of determination (R?) of the testing data set is approximately 0.9, which indicates that the
algorithm picked can generate sufficiently accurate active power predictions from a given set of wind
speed and air temperature data. The sample input of 45 F and 6.6 m/s generated an active power result
of 302 kWw.

Congratulations! You have successfully created a predictive machine learning model using data from ADH
in a Jupyter Notebook!
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Getting Forecasted Weather Data into ML Model

a. Objective

The objective of this section is to obtain live weather forecasts for Amarillo, TX (the location
where the wind farm operates) and predict Active Power using the previously created
Machine Learning model, given Wind Speed and Air Temperature forecast data.

b. Tasks
1. Connect and retrieve forecasted weather data via the Open Weather API
2. Utilize retrieved weather data to predict Active Power from machine learning model

c. Approach & Details

i.Connect and retrieve forecasted weather data via the Open Weather API

.9
‘ Before reading this section, please refer to the following course YouTube
videos:
Video
1. https://lyoutu.be/X50WOWhIGGw
2. https://youtu.be/M-rLSyngYHc

Live weather forecast data is available via the Open Weather API: https://openweathermap.org/api. A
free subscription can be obtained, which allows programmatic access via an API key to obtain weather
data for many cities for 5 days into the future, updated every 3 hours, including for Amarillo, TX. This
weather data can be brought into the Jupyter Notebook via the code section below, which returns the
result in a JavaScript Object Notation (JSON) format.

In [117]: #Call the OpenWeather API to retrieve the forecasted air temperature and wind speed for Amarillo, TX for the next 5 days
import requests
url="https://api.openweathermap.org/data/2.5/forecast?q=Anarillo, USRAPPID=5dac981ce33f41f61d8d1eaP6ee89738"

responseleatherForecast=raquests.get(url)

In [118]: responseleatherForecast.json()

OUt[118]: {'city': {'coord': {'lat’: 35.222, 'lon': -181.8313},
‘country': 'US',
'id': 5518233,
"name’: 'Amarillo’,
‘population’: 198695,
‘sunrise’: 1581687314,
'sunset': 1581728481,
"timezone': -2160@},
‘ent': 4e,
‘cod’: '20@°,
‘list': [{'clouwds’: {'all': 99},
'dt’: 1581714808,
‘dt_txt': '2026-@2-14 21:00:8@°,
‘main’: {'feels_like': 278.84,
‘grnd_level’: 39%@,
“humidity': 67,
‘pressure’: 1828,
‘sea_level’: 1828,
“temp': 279.54, -
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' If an error is received while accessing the Open Weather API, please try
— again later, as this is most probably due to the limit of 60 calls per minute
Note offered by the free subscription being exceeded.
.9
‘ Before reading the next section, please refer to the following course
vid YouTube video: https://youtu.be/sy30fJ7sVIiw
1aeo

This JSON response is stored in a pandas DataFrame, with the necessary unit and format conversions
needed. For instance, the air temperature from Open Weather is sampled in degrees Kelvin, thus needs
to be converted to degrees Fahrenheit. The wind speed is sampled in meters/sec, so no conversion is
needed. In addition, the timestamp in the JSON response is a string, thus needs to be converted to a
Date/Time format. The Timestamp, Air Temperature and Wind Speed values are all stored as NumPy
arrays. The code for this section is as below:

import pickle
filename ‘WT_Acti
loaded_model

new_input

e Learning
e Lea 19

aPoL

rwpickle.load

from decimal import Decimal
PredictedPowerArray=[]

ver_model

(open(filename,

4

.5av

], row['Wind

result loaded_model.predict(new_input)
np.array(PredictedPowerArray.append(result))

dfiWeatherForecast[ ‘Predicted

dfiWeatherForecast.round(2)

Ac

developed previously to predict the Active Power and

‘rb"))

for index, row in dfWeatherForecast.iterrows():
[[row[ Temp (F)’

eed (m/s)']1]]

tive Power (kW)']=pd.DataFrame(PredictedPowerArray)

Timestamp Temp (F) Wind Speed (m/s) Predicted Active Power (kW)

© W N O O s W N -

- =
- o

ii.Utilize retrieved weather data to predict Active Power from ML model

2021-09-17 15:00:00
2021-09-17 18:00:00
2021-09-17 21:00:00
2021-09-18 00:00:00
2021-09-18 03:00:00
2021-09-18 06:00:00
2021-09-18 09:00:00
2021-09-18 12:00:00
2021-09-18 15:00:00
2021-09-18 18:00:00
2021-09-18 21:00:00
2021-09-19 00:00:00

66.45
76.23
88.99
85.82
7281
69.37
66.16
65.26
7457
85.86
90.37
86.76

464
6.87
295
248
408
203
1.90
3.06
440
5.15
5.59
7.10

116.67
401.34
41.77
41.77
41.77
41.77
41.77
41.77
116.67
175.51
213.23
401.34

.0

Video

Before reading this section, please refer to the following course YouTube
video: https://lyoutu.be/uexAC58YiwY
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This Air Temperature and Wind Speed data from Open Weather are then passed to the machine learning
model saved in a file previously, in order to predict the Active Power values.

These predicted Active Power values (in units of kW) are then stored in the same Data Frame as a new
column, as per the code section below:

In [34]: W #Use the machine Learning model developed previously to predict the Active Power and add the values to the existing Data

import pickle
filename = 'WT_ActivePower_model.sav'
loaded_model = pickle.load(open(filename, ‘'rb'))

from decimal import Decimal
PredictedPowerArray=[]

for index, row in dfWeatherForecast.iterrows():
new_input = [[row['Temp (F)'], row['Wind Speed (m/s)']]]
result = loaded_model.predict(new_input)
np.array(PredictedPowerArray.append(result))

dfWeatherforecast[ 'Predicted Active Power (kW)']=pd.DataFrame(PredictedPowerArray)

dfWeatherForecast.round(2)

¢

Timestamp Temp (F) Wind Speed (m/s) Predicted Active Power (kW)

0 2021-09-17 15:00:00 66.29 464 116.67
1 2021-09-17 18:00:00 71.87 6.87 401.34
2 2021-09-17 21:00:00 8143 295 41.77
3 2021-09-18 00:00:00 85.82 248 4177
4 2021-09-18 03:00:00 72.81 408 41.77
5 2021-09-18 06:00:00 69.37 203 4177
6 2021-09-18 09:00:00 66.16 1.90 41.77
7 2021-09-18 12:00:00 65.26 3.06 M7
8 2021-09-18 15:00:00 7457 440 116.67
9 2021-09-18 18:00:00 85.86 5.15 175.51
10 2021-09-18 21:00:00 90.37 5.59 213.23
11 2021-09-19 00:00:00 86.76 7.10 401.34
12 2021-09-19 03:00:00 7743 7.05 401.34
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Sending External Data Back to ADH

a. Objective

The objective of this section is to send the forecasted data back to ADH as a new stream in the Sequential
Data Store (SDS) of the Namespace we are using for this course, then graph this data in the Visualization
section.

b. Tasks

1 Create a new complex SDS Type for the forecasted data

2 Create a new SDS Stream

3. Send forecasted data back to ADH via this new SDS Stream
4 Analyze & visualize forecasted data in ADH

c. Approach & Details

.9 : ; : .
‘ Before starting this section, please refer to the following course YouTube

video: https://youtu.be/4pRcV4|{S668

Video

In order to send data back to ADH in this course, we utilize the ADH Python Library once again.

However, we can also do this via the OSIsoft Message Format or OMF protocol. This method is shown in
the other Jupyter Notebook in the Course Materials folder titled Wind Turbine ADH Data_RESTAPI &

OMF.

. ‘ Before reading the next section regarding OMF, please refer to the following

course YouTube videos:
Video

1. https://youtu.be/5bwtHIONS7U
2. https://youtu.be/L43UB8lae7U

OMF defines a set of message headers and message bodies, which are written in JSON and are used to
generate compliant messages for data ingress. For ADH, OMF can be used to create types, create streams,
and populate streams with data. There are three message formats that can be used to accomplish these
tasks: type messages, container messages, and data messages, respectively. The OMF Editor in the
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Developer Tools section of the Navigation menu helps build and validate OMF messages to be ingested
by the ADH Data Store.

For more information regarding OMF, please refer to Appendix D.

But in order to use the OMF methodology, a new OMF Connection needs to be created in ADH first, so
that we can use this channel to send data streams to the SDS. For more information on configuring a new
OMF Connection, please refer to Appendix C.

i.Creating a new SDS Type

0.9 ; . . .
‘ Before reading this section, please refer to the following course YouTube

video: https://youtu.be/8w748p0sI54

Video

In order to send our forecasted data (which includes Air Temperature, Wind Speed and Active Power
values) back to ADH, a new SDS Type needs to be created first. This new type will be complex, i.e. a
collection of simple atomic types. This time-series indexed complex type with 3 values will be utilizing two
simple types, DateTime and Double, in order to define the data shape/structure.

' The alternative Wind Turbine ADH Data_ RESTAPI & OMF Notebook in the
L Course Materials folder does not create a new SDS Type for the new data
Note stream but instead uses the pre-existing simple PIl-Float32 type.

In order to create a new SDS Type, there are 2 methods:

1. Create the new type via the user interface
2. Create the new type programmatically

' Unlike Metadata Rules, each student can create their own SDS Types.
. Thus, feel free to follow the instructions below to create your own SDS
Note Types in ADH.
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Creating New SDS Type Using the User Interface

Example only do not execute it will be done programmatically!!!

The first step would be to navigate to the Sequential Data Store under Data Management in the
Navigation menu.

A Home Types ~ Search for Types. Q ‘ [ ) + Add Type

£  Data Management » |==

The next step would be to choose on Types, then Add Type. Enter Wind Turbine Predictions
Time_NNN_XXXX-XX-XX for the Id and Name, where NNN are your initials and XXXX-XX-XX is today’s date
in four digit year, two digit month and two digit day respectively (i.e. Wind Turbine Predictions
Time_APN_2020-08-28 in the example below). Under the Description field, enter “A Time-Series indexed
type with 3 values”.

Click the + button to the right of the Properties field, so that there are 4 total Properties. These are for Air
Temperature, Wind Speed, Predicted Active Power and Timestamp. Enter the following for Id, Name and
Type, then check the Key box for Timestamp:

Wind Turbine Predictions Time_twe_2021-09-15

Types are read only and cannot be edited.

Id Name
Wind Turbine Predictions Time_twe_2021-09-15 Wind Turbine Predictions Time_twe_2021-09-15
Description Base Type

A Time-Series indexed type with 3 values

Properties (4)
Key Id Name Type UOM
B | Timestamp Timestamp DateTime
[ | Air_Temperature Air Temperature Double
[J | wind_Speed Wind Speed Double
[] | Predicted_Active_Power Predicted Active Power Double

Click Save to store this new complex SDS Type.
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Creating New SDS Type Programmatically using ADH Python Library

In order to create the new SDS Type programmatically, we first need to reconnect to ADH and
authenticate our token using the config.ini file and the ADH Python library functions, then create this new
SDS type titled Wind Turbine Predictions Time_NNN_XXXX-XX-XX, where NNN are your initials and XXXX-
XX-XX is today’s date in four digit year, two digit month and two digit day respectively ((i.e. Wind Turbine
Predictions Time_REB_2020-08-28 in the example below).

In [26]: M config - configparser.ConfigParser()
config.read('config.ini')

ocsClient = OCSClient(config.get('Access’, 'ApiVersion2'), config.get('Access’, 'Tenant'), config.get('Access’, 'Resource’),
config.get('Credentials’, 'ClientId'), config.get( Credentials’, 'ClientSecret'))

namespaceld = config.get( Configurations', 'Mamespace’)

In [27]: M #SDS Type Name = Wind Turbine Predictions Time NNN XXXX-XX-XX, where NNN are your initials and XXXX-XX-XX is today’s date in
#four digit year, two digit month and two digit day respectively (Wind Turbine Predictions Time_REB_2020-88-28 below)

typewindTurbinePredTimeName = “Wwind Turbine Predictions Time REB 2626-@8-28"

typeWindTurbinePredTime = SdsType(id=typelindTurbinePredTimeName, description="A Time-Series indexed type with 3 values"
sdsTypeCode-5dsTypeCode.Object)

doubleType = SdsType()
doubleType.Id = "doubleType”
doubleType.SdsTypeCode = SdsTypeCode.Double

timeType = sdsType()
timeType.Id = "DateTimeType"
timeType.SdsTypeCode - SdsTypeCode.DateTime

airtemperature = SdsTypeProperty()
airtemperature.Id = "Air Temperature”
airtemperature.Name = “Air Temperature”
airtemperature.SdsType = doubleType

windspeed - SdsTypeProperty()
windspeed.Id = “Wind_Speed”

windspeed.Name = “Wind Speed”
windspeed.SdsType - doubleType

activepawer = SdsTypeProperty()

activepower.Td = "Predicted_Active_Power”

activepower.Name = “Predicted Active Power”

activepower.SdsType = doubleType

time = SdsTypeProperty()

time.Td = "Timestamp”

time.Name = “Timestamp”

time.SdsType = timeType

time.TIsKey = True

typeWindTurbinePredTime.Properties - [airtemperature, windspeed, activepower, time

ocsClient. Types.getOrCreateType(namespaceld, typeWindTurbinePredTime)

If we go to the ADH portal, we should see this new SDS Type under Data Management>
Sequential Data Store> Types in the Navigation menu:

OSlsoft Cloud Services » Sequential Data Store

n °
€ Dutama
= it Nam
A Proigtal 2
W w
i Float
PiFloatss
Q =
Phin )
A e PHnG2 P
(] PHString o
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ii.Creating a New SDS Stream

.9 . . . .
‘ Before reading this section, please refer to the following course YouTube

video: https://youtu.be/h3lg1XL36pk

Video

After the creation of a new SDS Type, the forecasted air temperature, wind speed and active power values
will be stored in a new SDS Stream based on this new type.

' The alternative Wind Turbine ADH Data RESTAPI & OMF Notebook in the
L Course Materials folder creates a new SDS Stream via OMF to only contain the
Note active power values with a Pl-Float32 type.

There are also 2 methods to create a new SDS Stream:

1. Create the new stream via the user interface
2. Create the new stream programmatically
' Unlike Metadata Rules, each student can create their own SDS Streams.
= Thus, feel free to follow the instructions below to create your own SDS
Note Streams in ADH.

Creating the New Stream Using the User Interface

The first step would be to navigate to the Sequential Data Store under Data Management in the
Navigation menu.

The next step would be to click on Streams, then Add Stream. In the Stream Id and Name fields, enter
WT_5dForecast_ NNN_XXXX-XX-XX and Wind Turbine 5 Day Forecast Data_NNN_XXXX-XX-XX
respectively, where NNN are your initials and XXXX-XX-XX is today’s date in four digit year, two digit
month and two digit day respectively.

In the Description field, enter, and in the Type Id field, select the previously created type Wind Turbine
Predictions Time_NNN_XXXX-XX-XX from the dropdown menu:

M Home Streams - Search for Streams... Q ‘ [ ] + Add Stream [
g Data Management P +H I I
-)2 Data Collection y 1D d Name Description Type Id
. . ] PILPISRVO1_100 GEDT_BL3.ACT_PV Turbine 01 Blade 3, Actu PI-Float32
ld Visualization »
[ PILPISRVO1_101 GEOT_N.ROT.PLC_PV Turbine 01 Roter Speed PI-Float32
3 Analytics »
] PILPISRVO1_102 GEO1_0S_PV Turbine 01 Operating St. PI-Digital
G’ Security 4
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Creating the New Stream Programmatically using ADH Python Library

We create the new SDS Stream programmatically via the ADH Python library functions as below,
assuming we already connected to ADH and authenticated our token as per the previous section. This
new stream Id is WT_5dForecast_ NNN_XXXX-XX-XX and the Stream Name is Wind Turbine 5 Day
Forecast Data_NNN_XXXX-XX-XX, where NNN are your initials and XXXX-XX-XX is today’s date in four

digit year, two digit month and two digit day respectively.

IST_NNN_XXXX-XX-XX, 505 Stream Name Wind Tur
s and XXXX-XX-XX is today’s date in four digit

281 M #5DS Strean

Streamld twe_2021-xx-xx"

StreamName Turbine 5 Day Forecast Data_twe_2021-xx-xx"

StreamDescr Buffalo Wind Farm Forecasted Wind Speed, Air Temperature & Active Power for Next 5 Days
In [29] M stream = SdsStream()

stream.Id = Streamld

stream.Name = StreamName
stream.Description = StreamDescr
stream.Typeld = typeWindTurbinePredTime.Id

ocsClient.Streams.createOrUpdateStream(namespaceld, stream)

If we go to the ADH portal, we should see this new SDS Stream under Data Management>

Sequential Data Store> Streams in the Navigation menu:

A Home Streams + Search for Streams. Q ‘ (] + Add Stream ] Wind Turbine 5 Day Forecast Data_NNN_twe_2021-09-19 » i >
£ DataManagement » = Details ~ Metadata and Tags
32 DataCollection » Bl Name Description .. Typeld Stream Details &Mznage Data
J PLPISRV01_98 GED1_BL1.ACT_PV Turbine 01B... Pl-Float32 " L
|~ Visualization (B o
[J PLPISRV01_99 GE01_BL2ACT_PV Turbine 01B... PlFloat32 WT_5dForecast_twe_2021-09-19
T Analytics [ -
(] WT_5dForecast_CBD_2021-.. Wind Turbine 5 Day Forecast Data_CBD_20..  Big Buffalo..  Wind Turbine Predictions Ti Name o
_ Wind Turbine 5 Day Forecast Data_NNN_twe_2021-09-19
QO security » | [ WT_5dForecast_twe_2021-0.. Wind Turbine 5 Day Forecast Data_twe_202.. Big Buffalo..  Wind Turbine Predictions Ti.
_ Deseription
‘\ Developer Tools » | [0 WT_5dForecast twe_2021-0.. Wind Turbine 5 Day Forecast Data_twe_202..  Big Buffalo..  Wind Turbine Predictions Ti Big Buffalo Wind Farm Forecasted Wind Speed, Air Temperature & Active Power for
Next 5 Days
0 swvor , | B WI_sdForecast twe 20210.. Wind Turbine 5 Day Forecast Data_NNN_tw... BigBuffalo...  Wind Turbine Predictions Ti.
uppor
Typeld -
- Wind Turbine Predictions Time_twe_2021-08-16 J
cowsrsE ¢ | Showing51-940f 04 Items per page: 50 = ‘ < I

iii.Sending Data to New SDS Stream

0.9

course YouTube video: https://youtu.be/Wi8z4fNBPb8

Video

‘ Before reading this section & Section 5.3.4, please refer to the following

Once this new data stream is created, either using the ADH User Interface or programmatically, the data
values can then be sent to this new stream. This is done by looping through the dfWeatherForecast Data

Frame's rows and using an ADH Python library function as per below:
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In [38]: M #Prepare the newly created OCS data stream values by looping through the dfWeatherfnorecast Data Frame's rows

values = []

for index, row in dfWleatherForecast.iterrows():

values.append({“Air
"Pr

emperature”: row["Temp (F)"], "Wind_Speed": row["Wind Spe
_Active Power™: row["Predicted Active Power (kW)"], "
row estamp”].strftime( "%Y-¥m-%d ¥H:%M:%5°) })

ocsClient.Streams.updateValues(namespaceld, stream.Id, json.dumps(values))

The alternative Wind Turbine ADH Data_ RESTAPI & OMF Notebook in the Course

Materials folder sends data via OMF. Since OMF needs all the fields and values as

] strings, the data contained in the Data Frame as DateTime and Float types need to
Note be converted to strings and must be comma-separated.

Then, a new values message would need to be created and Predicted Active Power
data containing timestamps and values posted using the requests.post method

iv.Analyzing the New SDS Stream Data in ADH

The newly created SDS stream and data is now available to be viewed in ADH. Navigate to the Sequential
Data Store under Data Management>Streams and select the newly created SDS Stream:

On the Data page under Streams, the values can be viewed by selecting Get Range Values under Query
Type.

Wind_Speed Predicted_Active_Pawer Timestamp o

126m Man 20 1268 Tue 2 260 Wea 22 126M Tha 23

From the data stream tables and graphs, we can confirm that the forecasted data from our machine
learning model has been successfully sent and stored in ADH.
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We can also plot the historical Active Power values for one of the turbines, i.e. GE0O2 in this case, with the
forecasted Active Power values:

-
1
1,600
1,400
1,20
1,000
80C
600
400
0
200 T T T T T T T 1
Mon 13 Wed 15 Fri17 Now Sep 19 Tue 21 Thu23 Sat 2!
[ L | © 9/12/2021 12:00:00 AM to 9/25/2021 12:00.00 AM = | L] | Q ]
Name Timestamp Value uom Min
GEO1
L)
B Active Power | Value 9/17/2021 4:53:03 PM 36.000 -23.000 160 @

Wind Turbine 5 Day Forecast Data_twe...

B Predicted Active Power 9/23/2021 11:00:00 AM 418.108 54.893 10 &

As the real-time Active Power data is streamed to ADH, we can later compare how the actual values match
up with the forecasted data.

Congratulations! With this, you have successfully completed this course!

.9 ; :
‘ To conclude this course, please refer to the following course YouTube

video: https://youtu.be/WBnygON2IBA

Video

60| Page


https://youtu.be/WBnygON2lBA

6. Appendix A: Streaming Data to ADH from PI Server

a. AVEVA™ P| System Connections

You can establish high-throughput data connections from a AVEVA™ PI System into ADH with the
Data Collection Feature

AVEVA™ DataHub » PIto Data Hub Agents

M Home Filter Agents...
€ D Management  * Description 4 T  Status T  Version Y  Data Archive Y Region Y MNamespace T
Data from feed environment 434 ® Good ®1820 PISRVDT westus AVEWVA Data Hub - D...
~>§ Data Collection 4
Agent Installer Download X
Latest Version (64-bit): 1.8.2.0
Release Date: 25.02.2022
& Download
User Guide
1. Download the Pl to AVEVA™ Data Hub Agent Installation Kit displays.
2. Click the Download Install Kit link. Refer to the Getting Started Guide link in the Details

tab for installation instructions.
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b. Installing the Pl to AVEVA™Data Hub Agent

Pl to AVEVA™ Data Hub enables data transfer from your on-premises Pl Server(s) to AVEVA™ Data
Hub (ADH). The actual release of Pl to AVEVA Data Hub supports the following features:

1. Transfer of a selection of AVEVA™ PI Data Archive Pl Points from Pl Servers to ADH
Sequential Data Store (SDS) streams. Some of the Pl Point attributes information is
transferred as SDS stream metadata and properties.

2. Simultaneous transfer of both historical and streaming data from AVEVA™ Pl Data
Archive(s) to SDS for a selection of Pl Points

3. Configuration of a Pl Points selection and data transfer management via the ADH
Customer Portal.

AVEVA™ P| to ADH Agent has two major components:

1. An on-premises component called the “Pl to AVEVA Data Hub Agent”, which is installed
on a computer used as a bridge between the source Pl Server and the ADH destination. It
runs as a service and performs fast, secure data transfer.

2. A cloud component called a “Pl System Connection” or “Pl System Connection Data
Source”, residing within ADH that receives the data from the on-premises Pl to ADH Agent
and stores it in SDS. Note that storage in SDS is partitioned by ADH namespace.

The deployment of a AVEVA™ Pl to ADH Agent establishes a 1 to 1 connection from a on-premises
source AVEVA™ PI| Server to an ADH Pl System Connection.

The AVEVA™ Pl to ADH Agent must be installed by a user who has administrative privileges on the
local computer as well as in your ADH account.

AVEVA™ Pl to ADH Agent requires the following permissions on Pl Data Archive:
Read access to Archive Data (the PIARCDATA Security Table)
Read access to the Pl Points configuration (the PIPOINT Security Table)

Read access to all the Pl Points that you are interested in transferring

PN PR

Read access to all the Data of the Pl Points that you are interested in transferring

i.Step-by Step Installation Process

1. Once downloaded, double-click or “Run as Administrator the installation kit to install the AVEVA™
Pl to ADH Agent:
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@ Pl to Data Hub Agent (Administratar)

Welcome

Welcome to the Pl to Data Hub Agent installation.

Welcome

Browser Login
Namespace

Service Account
Installation Progress

Complete

This installation will install the Pl To Data Hub Agent.

s

About

< Back

Click Next and enter the Account Id or Company Alias. In this case, it is AVEVATraining. Click Next.

A login prompt opens for you to sign in your ADH account. The user you choose must have
Administrator privileges in your ADH account.

Once logged in, from the top dropdown menu, select the Namespace in which you created the PI
System Connection and select the corresponding Connection. In this case, the Namespace is
AVEVA Data Hub — Data Views and the Connection is Data from feed environment 434.

@ Plto Data Hub Agent (Administrator)

Namespace

Welcome Namespace:
Browser Login
Namespace Agent Description:
Service Account

Installation Progress

Complete

Specify a Data Hub Namespace and Agent Description.

AVEVA Data Hub - Data Views (westus) =

x

About

< Back ||

Next >

Cancel

Enter the Service Account for the Pl to ADH Agent. This account must have access to the Pl Data

Archive with the privileges previously mentioned. For this course, we will leave it as the default
NT Service\PltoDataHubAgent account. Then click on the Install button.
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@ Plto Data Hub Agent (Administrator) =
Complete
The installation is complete.
Welcome @ The install completed successfully.
Browser Login Bundle Log
Mamespace
Service Account IMPORTANT!
Installation Progress The Pl to Data Hub Configuration Utility will start after you close this
Complete installer. Use the Pl to Data Hub Configuration Utility to specify the PI
Data Archive server you will use to send data to Data Hub.
Pl to Data Hub will not send data to Data Hub until this configuration is complete.
The Agent will then open a Configuration Agent were to specify the Pl System
@ Pl to Data Hub Agent Configuration Utility X
Agent HostName  Agent Description Agent Status Agent State Agent Version Agent Service Account
PISRVOT o Running Missing Configuration NT SERVICE\PIToDataHubAgent s 0 @
Data Archive Server Name
PISRVO1| ‘
[ Add Server J
Back | Save ( Exit

Next, enter the name of the PI Data Archive from which you want to transfer data from. In this
case, it is PISRVO1. Then click Next.

The installation should complete successfully and the Pl to ADH Agent should register to the PI
System Data Source in ADH. The registration process may take several minutes.

Filter Agents 2, Manage Permissions X Remove Agent [fLogs  # Download Agent
Description 4 Y  Status Y  Version Y  Data Archive Y Region Y Namespace T
Data from feed environment 434 @ Good ©1.820 PISRVO1 westus AVEVA Data Hub - D...

open Windows Services (services.msc) and verify that the service has been installed, started and
is running with the service account provided:
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c. Creating a Data Transfer

Once you have installed and registered the AVEVA™ Pl to Data Hub Agent application, you can
create a Transfer of data from the AVEVA™ PI System to the namespace you selected when
creating the connection. It can take several minutes after installing the AVEVA™ Pl to ADH Agent
application for the on-premises agent to become available in the connections page.

Note: A single instance of the Pl to ADH Agent application can only support a single connection,
which can only be the connection you create prior to installing the application. To create another
connection (from the selected Pl system to a different namespace, for example), you would have
to create that connection, and then install another instance of the Pl to ADH Agent application.

To transfer data with the new connection, click the Add Pl Point Transfer button. The Add PI Point
Transfer dialog displays. In the Add Pl Point Transfer dialog, enter the Point Name Mask and Point
Source Mask fields. In this case the Point Name Mask is GE* and the Point Source Mask is WIND.
Click on Search. Check the PI Points Found box to select all 90 Pl Points, then click the Add button.

Set the Historical Start Time to 2022-01-01 at 12:00 AM. Click Add Transfer to transfer the PI
Points returned in the query.

The progress of the transfer displays in the Data Transfer dialog in the Details tab.

Note: To transfer a set of Pl Points different from those returned by the query, you must create a
new query that groups in the desired Pl Points.

Click Start to start the Data Transfer or Stop to stop the Data Transfer. After historical data transfer
has completed, current data will continue to be transferred. To create a different Data Transfer,
you must first stop and remove the current Data Transfer. Note that this will not remove any data
already transferred.

65|Page



Data Transfer

Pl Points: 90
Started
Sending Streaming Data

Historical 0  Streaming | 7.6

Aug 28, 2020, 10:56:09 AM
100.0%

Jan 1,2020, 12:00:00 AM

Aug 28, 2020, 10:35:39 AM

Once the historical transfer is at 100%, we can go to the Sequential Data Store under the Data
Management section to view the transferred data.
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7. Appendix B: Creating an asset rule

a. Creating a single asset

The first step is to define the asset context. An asset type needs to defined. The easiest way is to create
an single asset manually. Add data and then use this asset as a template for an asset type.

We create an asset by Navigating to Visualization / Assets Explorer

M Home Assets -
g Data Management P n
N . .
#= Data Collection b Filter facets
ld Visualization » Trend

. Asset Explorer
> Analytics

Then click Add Asset

“w >
o

lome Assets ~ 2al Asset: A
bata Management  + u -

Choose Type <None>
It will be called Turbine

A fixed metadata referring to the Wind farm will be added

67|Page



Turbine i Cancel

Asset Turbine
Id 9d0abfbe-aldd-4cf8-be2c-443941cdB775
Asset Type <None>
Asset Description
Description

Metadata Properties Status
Add Metadata

Metadata Value Type UoM

none ‘ ‘ [} ‘

Farm Big Buffalo

String -

Next we will add properties by navigating to the properties pane. By querying GEO1* we will get all data
streams associated to turbine GEO1 which are representative of all GE turbines in the park as in Pl on Prem

they all are based on the same template and use a consistent naming pattern. Select all streams an press
Add
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The result will use the stream names a reference which are for us not clear enough.

Select Streams

GEO1*

GEO1.BL1.ACT.PV

Id: PI_PISRV01_98

Description: Turbine 01 Blade 1, Actual Value
Type: Pl Float32

GEO1.BL2 ACT.PV

Id: PI_PISRV01_99

Description: Turbine 01 Blade 2, Actual Value
Type: Pl Float32

GEO1.BL3.ACT.RV

Id: PI_PISRV01_100

Description: Turbine 01 Blade 3, Actual Value
Type: Pl Float32

GEO1.N.ROT.PV

Id: PI_PISRVO1_101

Description: Turbine 01 Rotor Speed (PLC)
Type: Pl Float32

GED1.0S.T.PV

Id: PI_PISRVOD1_102

Description: Turbine 01 Operating State
Type: Pl Digital

GEDT.FACTPV

Id: PI_PISRVO1_104
Description: Turbine 01 Power
Type: Pl Float32

GED1.POS.NAC.PV

1A N DIemgnT N9

‘ Cancel

We will change the names according to this list:

GEO1.BL1.ACT.PV

Bladel Actual Value

GEO1.BL2.ACT.PV

Blade2 Actual Value

GEO1.BL3.ACT.PV

Blade3 Actual Value

GEO1.N.ROT.PV

Rotor Speed

GEO01.0S.T.PV

Turbine State

GEO1.P.ACT.PV

Active Power

GEO1.POS.NAC.PV

Nacelle Position

GEO1.TGEN.COOL.PV

Generator Cooling Air Temperature

GEO1.V.WIN.PV

Wind Speed
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Prior

Metadata Properties

Siream References

GEO1_BL1.ACT_PV

GEO1_BL2.ACT_PV

GEO1_BL3.ACT_PV

GEOT_N.ROT.PLC_PV

GED1_0S_PV

GEO1_PACT_PV

GEO1_POS.NAC_PV

GEO1_T.GEM.COOL_PV

GEOT_V.WIN_PV

Status

[=] [=] [=] [=] [=] [=] [=] [=] [=]

After saving we have created a single asset

After

Blade1 Actual Value
Blade2 Actual Value
Blade3 Actual Value
Rotor Speed
Turbine State
Active Power

Nacelle Position

Generator Cooling Air Temperature

Wind Speed

(=) (=) (=] (=] [=] [=] (=] (=] [=]

0OCS Data Views Pl Worl.. =

Assets =

Filter facets

| Q, Search for Assets

|

Status

| & Good
] Warning
| © Bad
] B Unknown
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The operating conditions above are defined by mapping rules which can be in the Status Tab

b. Elevating it to Asset Type

Value

Load Operation

Idling Mode

Feathering Position

Idle Position

Running Up

Shutdown

Mo Data

Bladeangle Set

Bladeangle Plus

Bladeangle Minus

Bladeangle Stop

Bladeangle Float

Man. Speed

Man. Torgue

Load Shutdown

Grid Disconnection

o]

ala(alaiak

[e][e][e][e][e]

o
| g
o

o][e]
(=[=][=][=) (=] (=] (=] (=] (=] (=] [=][=] [=][=] [=] [=]

Qo

ala(ainio
[e]le]le][e][e]

o

oo

After selecting the new asset can be transformed to an Asset Type by clicking on the tree dot menu and

saving it as asset type and pushing create

Turbine
<No Description=

Metadata

Properties

Status

s P X
25 Manage Permissions lone=
IC] Duplicate
B Remove

B Save as Asset Type
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Create an Asset Type for Turbine X

Name:

GE Turbine

Description:

Asset Type Description

Cancel

c. Appling the asset type to all turbines

In this step we will use the type to automatically derive all assets existing by analyzing the data streams
provided. An Asset rule will do that for us.

Navigate to Data Management / Asset Management and click new Asset rule. We will use the asset type
defined previously

Create New Asset Rule X

MName:

Turbine Enumeration

Description:

DO NOT CHANGE NOR ADD OTHER ASSET RULES

Asset Type:

GE Turbine

In the next steps we till extract information out if the data streams which help us to define the assets
needed. This information is stored in Tokens which can then be linked to data fields.

We will select any stream as we do have a good naming pattern for our streams as example
GEO1.BLL.ACT.PV

The yellow part of the stream name is the Asset Name, while the green part is the measurement.
The goal is now to tell the rule to extract this information

o n

We chose all letter preceding “.” and allocate it to token “name”
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o Map Tokens to Values e Asset Configuration

GEQ1|

—

1. Match: @ letters or numbers preceding the delimiter "

) the next 4 characters of any type (including letters, numbers, and symbols)
the next 4 letters or numbers

the next group of letters or numbers

the string literal "GE01"

and name it:  name =

Similar to for the measurement. You may click on the stream name to get more options

BL1

3 the delimiter “ {name} - GEO1

3. Match: @ letters or numbers preceding the delimiter "
the next 3 characters of any type (including letters, numbers, and symbols)
the next 3 letters or numbers

the next group of letters or numbers

the string literal "BL1"

and name it: measurment x

What remains is of no use an will be defined as a token3 and literal
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Stream Name

L AL fhe

. Match lemters or numbers preceding the delimiter “"
2. Match the delimiter “."
3. Match letters or numbers preceding the delimiter "

4. Match the delimiter *

5. Match: @ letters preceding the delimiter ="

") the next 3 characters of any type (including letters, numbers, and symbols)

) the next 3 letters

he next group of letters

) the string literal "ACT"

and name it: | token03

7. Match:

letters until the end of the stream name

the next 2 characters of any type (including letters, numbers, and symbels)

the next 2 letters

the next group of letters

@ the string literal "PY" @
String literal matches are not available as tokens

We then need to map the values to the measurement
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{name}- GEO1

{measurment}- BL1

Capture

{name} - GEO1

{measurment} - BL1

{tokenD3} - ACT




€ Back to Overview Mame: GE Turbines | Asset Type: Turbi
o Extract Tokens o Map Tokens to Values

Configure Stream Reference Name Token

Select the token which contains the measurement @

{Measurment} - BL1.ACT &

Token Mappings Status Token Value Mappings
Specify the token values for each of the tokens listed below. Token Value of BL1.ACT for Token Measurment from Stream Name - GEO1_BL1.AC
{Name} - GEO1 vy

@ For an Asset Rule linked to an Asset Type, the ‘Use Existing Token Values' o|

{Measurment} - BL1ACT & A Reference Names from the Asset Type. Instead, use the 'Rename Token Val

(O) Use Existing Token Values
© Rename Token Values

%s Generate Mappings

+ Add Map:ing” B Remove All Mappings

No mappings added.
The system will search all streams and propose

Token Value Mappings

Token Value of BL1 for Token measurment from Stream Name - GEO1.BL1.ACT.PV.

:' Use Existing Token Values

@ Rename Token Values
“a Generate Mappings + Add Mapping B Remove All Mappings

Mappings
BL1 = | Map To.. [
BLZ = | MapTo.. [
BL3 = MapTo.. [
M = | Map To.. [
0s =  MapTo.. [
P = | Map To.. [
POS =3 | Map To.. [
TGEM = | Map To.. [
v = | Map To.. [
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Using the mapping list to fill out above we get clearer names.:

BL1 Bladel Actual Value

BL2 Blade2 Actual Value

BL3 Blade3 Actual Value

N Rotor Speed

0osS Turbine State

P Active Power

POS Nacelle Position

TGEN Generator Cooling Air Temperature
\Y Wind Speed
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The tokens are then mapped to the asset Metadata

Caonfigure Asset
Type Name <None=
Id {name}
Name {name}
Description Type { to display tokens
Stream Reference Namis {measurment} #

And we will get a preview of the results to expect

a
]

Id T Type Y HName Y @ : @ Farm # Active Pow ' Rotor Spee # Bladel Act ' Blade2 Act # Turbine Stz
GEO1 GE Turbine GEO1 GEDN1.RACT.. GEOT.N.RO.. GEO1.BL1.A.. GE0O1.BLZA.. GED1.0S5T.-
GEOZ GE Turbine GEQOZ GEDZ.PACT. GEDZN.RO.. GEDZBL1.A. GE0O2BLZA. GE02.0ST.
GEOQ3 GE Turbine GEOQ3 GEO3.PACT.. GEO3.N.RO.. GEO3.BL1.A.. GEO3BLZA.. GED3.OST..
GEO4 GE Turbine GEO4 GED4.PACT. GED4N.RO.. GED4.BL1.A. GE04BLZA. GEO4.05T..
GEOS GE Turbine GEOS GEOS.PACT.. GEOS.N.RO.. GEOS.BL1.A.. GEO3BLZA. GED5.0S5T.
GEO& GE Turbine GEO& GEOB.PACT.. GEOD&.N.RO.. GEOB.BL1.A.. GEO&BLZA. GEDB.OST..
GEO7 GE Turbine GEOY GEO7.RACT.. GEO7.N.RO.. GEO7.BL1.A.. GEO7BLZA.. GED7.OST..
GEOB GE Turbine GEOB GEDB.RACT.. GEODBN.RO.. GEDBBL1. A.. GEOBBLZA. GEDBOST..
GEOg GE Turbine GEOg GEDS.PACT.. GED9.N.RO.. GEOSBL1 A.. GED9BLZA. GEDSOST..
GE10 GE Turbine GE1D GE10.RACT.. GEID.N.RO.. GE10BL1.A.. GEI0BLZA. GEI0DOST..

At the end all asset are found and the values associated
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Q. Seamch for Asee 5 8
7] (o] = O
i GEO1 (] GEO2 (] GEO3 (] GE04 (] GEO5 (]
Status [
O Good
0 A Waming GEO6 [} GEQ7 [} GEO8 [} GE09 [} GE10 [}
0 © Bad
O Unki
Asset Type
O Turb
Farm
[ Big Buffalo

J Stream names which follow a standard pattern are more applicable to the creation and

use of asset / metadata rules. The flexibility and complexity of metadata pattern
Best Practice | definition will be further extended in future ADH versions.

' The value of metadata itself lies in its capacity to enrich sequential data, and to
v facilitate logical segregation and contextualization. Other services and applications,
Tip such as ADH data views, leverage stream metadata to simplify finding data and to

providing context.

Please reach out to OSlsoft if there are any questions, comments or concerns
regarding metadata management in ADH.
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8. Appendix C: Configuring a New ADH Client

On the Clients page under the Security section of the Navigation menu, click on the +Add Client button.
Set the Client Type as Client-Credentials and Account. The Client Name entered is OSlsoft Learning Client,
select the Account Administrator checkbox, then click Continue.

Add Client X

Configure a new client credential client that will allow authentication as a
headless client application using the Client Id and Client Secret provided
on client creation. The Token Lifetime represents how long the access
token will function before it expires. The default (and max) value is 3600
seconds (1 hour). The minimum value is 60 seconds (1 minute).

Mame

Test

Roles

Tenant Administrator
Tenant Contributor
[] Tenant Data Steward
& Tenant Member

Tenant Viewer

Token Lifetime

3600

‘ Cancel

On the Add Secret window, enter the Description as below, then check the Never Expires box, then click
Add:
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Add Secret X

To add a secret, specify description and select an expiration date for the
secret and click Add. Note that the expiration date must be in the future.

Description (Optional)

Test

Expiration Date

9/18/2022 D‘ 1 - 03 ‘
%Never Expires

Cancel m

Make note of the Client Id and the Client Secret, as they are needed for accessing ADH programmatically
from an external application.

Client Successfully Created X
Client Id and Client Secret displayed below can be used to authenticate.

A Client Secret will no longer be accessible once you close this dialog.

Please make a record of it.

Client Id

|
60734f56-c167-4416-a5fe-4ae268033cda
Client Secret =
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9. Appendix D: Creating an OMF Connection in ADH

Another method to send data to ADH is via the OSlIsoft Message Format or OMF protocol. But first, a new
OMF Connection needs to be created in ADH, so that we can use this channel to send data streams to the
SDS via OMF.

Click on Connections in the Navigation menu>Data Management:

AVEVA™ DataHub » OMF Connections

+ Add Connection

ﬂ Home Displaying 0 of 0 Connections Filter Connections.

£ DataMenagement b Connection/Clients [~} Description Namas
2 Data Collection » There is no data to display.

On the Connections page, select OMF as the Type and click on +Add Connection. Enter Wind Turbine Data
for both the Name and if needed a Description.

Add OMF Connection
To assign a client to a connection, select the client from the Available list. The client will be moved to the Selected list. To

unassign a client, select the client from the Selected list. The client will be removed to the Available list.

1. Details

Filter.

Available (2)
3. Namespaces
Pl To OCS - 81b6b88f-771d-4a7f-Bea2-Be44b7f5c%al0

4. Review Fl World ADH ROM Lab Client

Selected (1)

Pl World Client for Data View Lab

Click Next and select the Pl World Client for Data View Lab from the list.

Click Save to complete the process of creating a new OMF Connection.
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Add OMF Connection

Review the connection summary information below before saving.

1. Details
Wind Turbine Data
2 Clients
Clients Mamespaces
3. Namespaces . -
Pl World Client for Data Vi... 78039f43-f9e1-4566-ab61-.

The OMF Endpoint will appear in the list

Displaying 1 of 1 Connections Filter Connections. + Acd Connection 3, Manage Permissions (4 Edit Connection X Remove Connection  pezai

s | nformr
ConnectionClients ©  vescription Namespaces
> Wind Turbine Data 78035143136 1-4566-2061:00822055623 Overview
Id | débeefa?-783d-400d-acd8-b2a5bb6037ac
Name | Wind Turbine Dsta
Type | OMF
Data Flow
Clients Namespsces
P1World Cliert for Dat. 7E035F43-9e1.4566-2

For step by step details regarding creating an OMF Connection, please refer to the following OSlsoft
YouTube video: https://www.youtube.com/watch?v=52IAnkGC1IM
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10. Appendix E: References

For more information regarding the resources utilized in this course, please see the links below:

1. Wind Turbine Background:
1. https://www.awea.org/wind-101/basics-of-wind-energy N/A
2. Figure 2: http://www.wind-power-program.com/turbine characteristics.htm
3. Figure 3: Badran, Omar & Abdulhadi, Emad & Mamlook, Rustom. (1992).

Evaluation of parameters affecting wind turbine power generation.

2. AVEVA™ Data Hub: https://datahub.connect.aveva.com

3. OCS API Documentation: https://docs.osisoft.com/bundle/ocs-docs-main/page/ocs-
content-portal-overview.html

4, Jupyter Notebook: https://jupyter.org/
5. Python Help: https://www.python.org/
6. OCS Python Library Documentation: https://github.com/osisoft/OSI-Samples-

OCS/tree/master/basic_samples/SDS/Python/SDSPy/Python3

7. Scikit-learn Python Package for Machine Learning: https://scikit-learn.org/

8. Decision-Tree Regressor Machine Learning Algorithm:
https://gdcoder.com/decision-tree-regressor-explained-in-depth/
https://scikit-learn.org/stable/modules/tree.html#tregression

9. OpenWeather API: https://openweathermap.org/api

10. OMF Documentation: https://docs.osisoft.com/bundle/omf/page/index.html
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Your opinion is important to us, please help
us improve by openly providing feedback on
your experience in the labs at AVEVA
World.

84 |Page



