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Data Analysis and Processing

* “Model Requirements for Importing Data” on page 1-2
* “Import Data for Parameter Estimation” on page 1-5
* “Plot and Analyze Data” on page 1-12

“Preprocess Data” on page 1-15
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Model Requirements for Importing Data

1-2

Before you can analyze and preprocess the estimation data, you must assign the data to
the model ports or signals. In order to assign the data, the Simulink model must contain
one of the following elements:

* Root-level model Inport block

Note You do not need an Inport block if your model already contains a fixed input
block, such as a Step block.

* Root-level model Outport block

* Logged signal, which can be a root-level signal in the model or a signal in a model
subsystem

To enable signal logging for a signal, in the Simulink Editor, select the signal, click the

Simulation Data Inspector button arrow " and click Log Selected Signals. For
more information, see “Export Signal Data Using Signal Logging” (Simulink).

When you create an experiment, as described in “Create Experiment” on page 2-4, the
top level input and output ports as well as logged signals are selected by default. You can
add or remove the input and output signals using the experiment editor on page 2-5. In
the experiment editor, the rows in the Inputs panel correspond to the model's root-level
Inport blocks.

w Experiments

MNewData Edit Experiment: NewData
Outputs i
Define measured output signals for this experiment.

engine idle speed/Sum:l

[ <1 signal, 7501 paints> - B & x

» Results [&] select Meaured Output Signals

Inputs
Optionally define inputs signals for this experiment.
engine idle speed/BPAVIL

<7501%2 Signal> | B & X
E Select Inputs

m

Similarly, the rows in the Outputs panel correspond to either the root-level Outport
blocks or logged signals in the model.
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Select Input Signals

You can add the Inport block in the experiment editor by clicking the Select Inputs
button in the Inputs panel to launch the Select Inputs dialog box. You can select the
Inport block you want by selecting the check box corresponding to it and clicking OK.
There is only one Inport block for the engine idle speed model.

selectlppots .

- Inputs
engine idle speed/BPAV:L (BPAV]

o ok $Z cancel  (2) Help

Using the dialog box, you can import the input data by typing, for example,
[time,iodata(:,1)] in the Inputs panel. To learn more about importing data, see

Import Data on page 1-5.

Inputs
Optionally define inputs signals for this experiment.
enginge idle speed/BPAV:L [ERAV]

[ - B X

Select Output Signals

You can add the Output block in the experiment editor by clicking Select Measured
Output Signals in the Outputs panel to launch the Select Outputs dialog box. You can
select the Outport block you want by clicking the check box corresponding to it, and
clicking OK. There is only one Outport block for the engine idle speed model.

1-3
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Click signals in the simulink model to add them to the output table.

v Outputs
engine idle speed/Sum:l (Engine Speed]

o 0K $% cancel () Help

Using the dialog box, you can import the output data by typing, for example,
[time,iodata(:,2)] in the Inputs panel. To learn more about importing data, see
Import Data on page 1-5.

Qutputs
Define measured output signals for this experiment.
engine idle speed/Sum:l (Engine Speed)

|-<11El signal, 1 points= "'| Fy & x

See Also

Related Examples

. “Import Data for Parameter Estimation” on page 1-5
More About
. “What Is an Experiment?” on page 2-3

1-4



Import Data for Parameter Estimation

Import Data for Parameter Estimation

Create Experiment

Before you begin data import, create an experiment. Simulink Design Optimization
software provides a tool for setting up the estimation session.

To create an estimation session:

1 At the MATLAB® prompt, open the nonlinear idle speed model of an automotive
engine by typing :

engine idle speed
Idle Speed Engine Model

Monlinearities  Linear Dynamics
~ < *
{F)

gaini

den{s)

Transfer Fon

gain2

den{s)

BRAV

Engine Spesd
Transfer Fenl

gaind

den{s)

Transfer Fen2

GUI tz run an estimation.

The model contains the Inport block BPAV and Outport block Engine Speed for
importing input and output data, respectively. To learn more, see “Model
Requirements for Importing Data” on page 1-2.

2 In the Simulink model window, open the Parameter Estimation tool by selecting
Analysis > Parameter Estimation.

1-5
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1-6

4\ Parameter Estimation - engine_idle_speed EI@
[ PARAMETER ESTIMATION WVALIDATION
ﬁ E @ E % E‘ E E‘ﬂ Cost Function: Sum Squared Error + |>
Open Save New Select Select  Sensitivty AddPlot PlotModel (5} Wore Options... Estimate
Session = Session v Experiment Experiments Parameters Analysis ¥ - Response -
FILE EXFERIMENTS PARAMETERS PLOTS OFTIONS ESTIMATE
Data Browser @

w Parameters

w Experiments

w Results

¥ Preview

Parameter Estimation Tool

You can organize the estimation and validation tasks inside Experiments under Data
Browser panel on the left. You can assign each experiment to an estimation task or
validation task.

To create an experiment, click the New Experiment button.

=

MNew
Experiment

This creates an experiment called Exp under Experiments. To change the name of
the experiment, right-click and select Rename. Call it NewData.
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Note The Simulink model must remain open to perform parameter estimation tasks.

Time-Domain Data

Experiments are collections of signal data, specifically input and output signal data. After
you create an experiment, as described in “Create Experiment” on page 1-5, you can
import data into your experiment from various sources including MATLAB® variables,
MAT-files, Excel ® files, or comma-separated-value files.

To import data into your experiment right-click and select Edit.... This will launch the
experiment editor. In the experiment editor, you can define the signals contained in the
experiment.

Edit Experiment: Exp bt
Outputs m
Define measured output signals for this experiment.

engine idle speed/Sum:l (Engine Speed

<1x1 Signal, 1 points> -

&
[
x

@ Select Meaured Output Signals

Inputs
Optionally define inputs signals for this experiment.
engine idle speed/BPAV:] [BPAV]

<1x2 Signal> | b & X |z

@ Select Inputs

Initial States
Optionally define initial states for this experiment.

There are currently no initial states defined for this experiment.

4 select Initial States

Parameters
Optionally define parameters for this experiment.

There are currently no parameters defined for this experiment.

i Select Parameters

For example, the rows in the Inputs panel of the editor correspond to Inport block BPAV
in the engine _idle speed model.

The rows in the Qutputs panel correspond to Outport block Engine Speed. You can
import signal data from files or MATLAB workspace.
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Note The Simulink model must contain an Inport or Outport block or logged signals to
enable importing data. For more information, see “Model Requirements for Importing
Data” on page 1-2. To select more output signals to specify data for, click Select
Measured Output Signals in the Qutputs panel.

The idle-speed model of an automotive engine contains the measured data stored in the
iodata array in the workspace. The array contains two columns: the first for input data,
and the second for output data. The time data is in the time array in the workspace. You
can import the input data by typing [time,iodata(:,1)] in the Inputs panel.

Inputs
Optionally define inputs signals for this experiment.
engine idle speed/BPAV:L [BPAV]

| time, iodata(: 1] ~| B & x

@ Select Inputs

You can import the output data by typing [time, iodata(:,2)] in the Outputs panel.
You can view the data by clicking 52 The input data should look like this:

0O =
0 7501x2 double E
1 2 3 4
2 0.0200 0
3 0.0400 0
4 0.0800 0
5 0.0800 ]

Output data should look like this:
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Import Data for Parameter Estimation

HH 75012 double

1
0.0200
0.0400
0.0600
0.0800

LY, IR = W N R ]

P e Tl
4 T

2 3
713.2568
713.2568
709.0454
704.4067
699.8901

Snm S ACn

After importing the data for NewData experiment, the experiment editor looks like this:
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1 Data Analysis and Processing

Edit Experiment: MewData X

Outputs il
Define measured output signals for this experiment.

engine idle speed/Sum:l [Engine Speed]
<1¥1 Signal, 7501 points> - B 4 X

@ Select Meaured Output Signals

Inputs
Optionally define inputs signals for this experiment.
engine idle speed/BPAV:1 [BPAV]

21x1 Signal, 7501 points> - B A X

m

@ Select Inputs

Initial States
Optionally define initial states for this experiment.

There are currently no initial states defined for this experiment.
[ select Initial States

Parameters
Optionally define parameters for this experiment.

There are currently no parameters defined for this experiment.

E Select Parameters

To import data from a file, click the o button.

To learn more about the Edit Experiment: dialog box, see “Edit Experiment Data” on
page 2-5.

Time-Series Data

Time-series data is stored in time-series objects. For more information, see “Time Series
Objects” (MATLAB).

When you import input data from a time-series object, t, for parameter estimation, you
must specify the time vector and data as [t.time,t.inputdata] in the Inport signal
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dialog box. Similarly, to import output data, you must specify the time vector and data as
[t.time, t.outputdata] in the Outport signal dialog box. For more information on how
to import data into the experiment, see “Time-Domain Data” on page 1-7.

Complex Data

Complex-valued data is data whose value is a complex number. For example, a signal with
the value 1+2j is complex. You can use complex data to estimate parameters of electrical
systems, such as the magnitude and phase.

Note You must sample the real and imaginary parts of the data as a function of the same
time vector.

To use complex data for parameter estimation:
1  Split the data into two data sets that contain the real and imaginary parts. To split the
data, use the MATLAB functions real, and imag.

2 Create two signals, one for the real part and one for the imaginary part for the Inport
or Outport block.

Select both signals in the experiment editor.

4 Import the data to the corresponding signal as described in “Time-Domain Data” on
page 1-7.

See Also

Related Examples
. “Plot and Analyze Data” on page 1-12

. “Preprocess Data” on page 1-15
More About
. “Model Requirements for Importing Data” on page 1-2
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Plot and Analyze Data

Why Plot the Data Before Parameter Estimation

After you import the estimation data as described in “Import Data for Parameter
Estimation” on page 1-5, you can remove outliers, smooth, detrend, or otherwise treat the
data to prepare for analysis and estimation. To view and analyze data characteristics, plot
the data on a time plot.

Plot Data

Use an experiment plot to visualize experiment data. First, create an experiment and
import data as described in “Import Data for Parameter Estimation” on page 1-5. To
create an experiment plot, in the Parameter Estimation tool, on the Parameter
Estimation tab, click Add Plot, and select NewData under Experiment Plots.

ITERATION PLOTS

A P j

— grameter Trajectory

."I 1 7 3 Display the parameter values as
they change during estimation.

4 Estimation Cost
T ) . .
(1 2 3 Display the estimation cost as
! . . . .
it changes during estimation.

EXPERIMEMNT PLOTS

/f— MewData

This creates plots of the input signal for the Inport block BPAV and output signal for the
Outport block Engine Speed for the engine idle speed model (see “Create
Experiment” on page 1-5).
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Plot and Analyze Data

4\ Parameter Estimation® - engine_idle_speed - Experiment plot: MewData

[ PARAMETER ESTIMATION VALIDATION EXPERIMENT PLOT VIEW

ﬁ ﬁ E % E E Cost Function: Sum Squared Error + D

Open Save Hew Select Select ity Add Piot Piot Model (5} ore Options... Estimate
Session ¥ Session v i E i F Analysis v - Response -
FILE | EXFERIMENTS | FARAMETERS | PLOTS | OFTIONS | ESTIMATE |
Data Browser G | Experiment plot: NewData 7 |
w Parameters ‘:| There is no simulstion data for 'NewDats', click 'Plot Model Response’ or run the estimation to update the plot
Engine Speed
1000 D E
800
w Experiments
MNewData
600
3 400 ! !
2
= BPAV
w Results = 2
<
1t
0
W Preview
a4t
Measured cutput signal({s):
- Engine Speed
2 L L
Measured input signal(s): 0 50 100 150
- BERV Time (seconds)

You can also plot the experiment data by right-clicking NewData and selecting Plot

measured experiment data from the list.

Using the time plot, you can examine the data characteristics such as noise, outliers and
portions of the data to use for estimating parameters. After you analyze the data, you can

preprocess it as described in “Preprocess Data” on page 1-15.
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See Also

Related Examples

. “Import Data for Parameter Estimation” on page 1-5

. “Preprocess Data” on page 1-15

More About

. “Model Requirements for Importing Data” on page 1-2
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Preprocess Data

Ways to Preprocess Data

In the Parameter Estimation tool and Sensitivity Analysis tool, you can preprocess
imported data before you use it for estimation or evaluation. After plotting the measured
data, you have access to the Experiment Plot tab where you can preprocess the data.

= Print
|| Preview

FRINT

Grid E El Remove Offset Low-Pass Fitter E Resample Data rﬁ
oy
I :: Legend | & & Scale Data High-Pass Filter Replace Data
@ Edit E . ﬁ Plot Model
{0} Properties f ) Extract Data Band-Pass Fiter Response
ViEw Z00M & PAN EDIT DATA PROCESSING PLOT

For information about how to plot the imported data in the Parameter Estimation tool, see
“Plot and Analyze Data” on page 1-12. For information about how to import and plot the
data in the Sensitivity Analysis tool, see “Match Model Outputs to Measured Signals” on
page 4-27.

You can perform the following preprocessing operations:
+ “Remove Offset” on page 1-16 — Remove mean values, a constant value, or an initial

value from the data.

* “Scale Data” on page 1-16 — Scale data by a constant value, signal maximum value,
or signal initial value.

+ “Extract Data” on page 1-17 — Select a subset of the data to use in the estimation or
evaluation. You can graphically select the data to extract, or enter start and end times
in the text boxes.

* “Filter Data” on page 1-18 — Process data using a low-pass, high-pass, or band-pass
filter.

* “Resample Data” on page 1-19 -- Resample data using zero-order hold or linear
interpolation.

* “Replace Data” on page 1-20 -- Replace data with a constant value, region initial
value, region final value, or a line. You can use this functionality to replace outliers.

You can perform as many preprocessing operations on your data as are required for your
application. For instance, you can both filter the data and remove an offset.
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1 Data Analysis and Processing

Remove Offset

On the Experiment Plot tab, click Remove Offset.

EXPERIMENT PLOT REMOVE OFFSET ]

© Remove offset from all signals Offset to remove: ”. %
™ Remove offzet from signal: Position - 0 h Apphy Cloze
- Remove Offset
SIGNAL OFFSET AFPLY CLOSE

It is important for good estimation results to remove data offsets. In the Remove Offset
tab, you can remove offset from all signals at once or select a particular signal using the
Remove offset from signal drop down list. Specify the value to remove using the Offset
to remove drop down list. The options are:

* A constant value. Enter the value in the box. (Default: 0)
* Mean of the data, to create zero-mean data.
* Signal initial value.

As you change the offset value, the modified data is shown in preview in the plot.
After making choices, update the existing data with the preprocessed data by clicking

<.

Or, to save the modified data values in a new experiment (in the Parameter estimation

Apply
tool) or requirement (in the Sensitivity Analysis tool), click "= " and select Save
As: Create a new experiment from the modified data.

Scale Data

On the Experiment Plot tab, click Scale Data.
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EXPERIMENT PLOT SCALE DATA

O Scale all signals Scale to use: v %

~ Scale signal: | Pasition - 1 i Apply Close

- Scale Data
SIGMAL SCALE APPLY CLOSE

In the Scale Data tab, you can choose to scale all signals or specify a signal to scale.
Select the scaling value from the Scale to use drop-down list. The options are:

* A constant value. Enter the value in the box. (Default: 1)
+ Signal maximum value.

* Signal initial value.

As you change the scaling, the modified data is shown in preview in the plot.

After making choices, update the existing data with the preprocessed data by clicking

74

Or, to save the modified data values in a new experiment (in the Parameter estimation

Apply
tool) or requirement (in the Sensitivity Analysis tool), click "= " and select Save
As: Create a new experiment from the modified data.

Extract Data

To extract a portion of your data to use in the estimation or evaluation process, on the
Experiment Plot tab, click Extract Data.

EXPERIMENT PLOT EXTRACT DATA

Start Time: |37.5 1 23
End Time: 112.5 Save As Close
Extract Data
EXTRACT DATA SAVE AS CLOSE
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1 Data Analysis and Processing

Select a subset of data to use in Extract Data tab. You can extract data graphically or by
specifying start time and end time. To extract data graphically, click and drag the vertical
bars to select a region of the data to use.

After you choose the data to extract, you can save it in a new experiment (in the
Parameter estimation tool) or requirement (in the Sensitivity Analysis tool) by clicking
Save As.

Filter Data

You can filter your data using a low-pass, high-pass, or band-pass filter. A low-pass filter
blocks high frequency signals, a high-pass filter blocks low frequency signals, and a band-
pass filter combines the properties of both low- and high-pass filters. On the Experiment
Plot tab click one of the Low-Pass Filter, High-Pass Filter, or Band-Pass Filter to
open a new tab. For example, the low-pass filter tab appears as shown:

EXPERIMENT PLOT LOW-PASS FILTER

O Fitter all signals Mormalized cutoff frequency: @ W 83

™ Filter signal: | Position - 0.015 Optionz Apphy Close
b Low-Pass Filter
SIGMAL LOW-FASS FILTER AFFLY CLOSE

1-18

On the Low-Pass Filter, High-Pass Filter, or Band-Pass Filter tab, you can choose to
filter all signals or specify a particular signal. For the low-pass and high-pass filtering, you
can specify the normalized cutoff frequency of the signal. Where, a normalized frequency
of 1 corresponds to half the sampling rate. For the band-pass filter, you can specify the
normalized start and end frequencies. Specify the frequencies by either entering the
value in the associated field on the tab. Alternatively, you can specify filter frequencies
graphically, by dragging the vertical bars in the frequency-domain plot of your data.

Click Options to specify the filter order, and select zero-phase shift filter.

After making choices, update the existing data with the preprocessed data by clicking

74



Preprocess Data

Or, to save the modified data values in a new experiment (in the Parameter estimation

Apply
tool) or requirement (in the Sensitivity Analysis tool), click "= " and select Save
As: Create a new experiment from the modified data.

Resample Data

On the Experiment Plot tab, click the Resample Data button.

EXPERIMENT PLOT RESAMPLE DATA

Resample with sample period: |0.001 x 23
Resample Using: Zero-order hold - Apply Cloze
- Resample Data
RESAMFLE DATA APPLY CLOSE

In the Resample Data tab, specify the sampling period using the Resample with
sample period: field. You can resample your data using one of the following interpolation
methods:

* Zero-order hold — Fill the missing data sample with the data value immediately
preceding it.

* Linear interpolation — Fill the missing data using a line that connects the two
data points.

By default, the resampling method is set to zero-order hold. You can select the
linear interpolation method from the Resample Using drop-down list.

The modified data is shown in preview in the plot.

After making choices, update the existing data with the preprocessed data by clicking

74

Or, to save the modified data values in a new experiment (in the Parameter estimation

Apply
tool) or requirement (in the Sensitivity Analysis tool), click "= " and select Save
As: Create a new experiment from the modified data.
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1 Data Analysis and Processing

Replace Data

On the Experiment Plot tab click the Replace Data button.

EXPERIMENT PLOT REPLACE DATA

D v PR

Replace selected data Clear preview Apphy Close
- Replace Data
REPLACE DATA APPLY CLOSE

1-20

In the Replace Data tab, select data to replace by dragging across a region in the plot.
Once you select data, choose how to replace it using the Replace selected data drop-
down list. You can replace the data you select with one of these options:

* A constant value

* Region initial value
* Region final value
* Aline

The replaced preview data changes color and the replacement data appears on the plot.
At any time before updating, click Clear preview to clear the data you replaced and start
over.

After making choices, update the existing data with the preprocessed data by clicking

.

Or, to save the modified data values in a new experiment (in the Parameter estimation
Apply

tool) or requirement (in the Sensitivity Analysis tool), click "= = and select Save

As: Create a new experiment from the modified data.

Replace Data can be useful, for example, to replace outliers. Outliers can be defined as
data values that deviate from the mean by more than three standard deviations. When
estimating parameters from data containing outliers, the results may not be accurate.
Hence, you might choose to replace the outliers in the data before you estimate the
parameters.



See Also

See Also

More About

. “Import Data for Parameter Estimation” on page 1-5
. “Match Model Outputs to Measured Signals” on page 4-27

1-21






Parameter Estimation

* “What Is an Experiment?” on page 2-3

» “Specify Estimation Data” on page 2-4

» “Specify Parameters for Estimation” on page 2-8

* “Specify Known Initial States” on page 2-18

* “Specify Estimation Options” on page 2-22

+ “Estimate Parameters and States” on page 2-25

* “Validate Estimation Results” on page 2-33

* “Speed Up Parameter Estimation Using Parallel Computing” on page 2-38
» “Use Parallel Computing for Parameter Estimation” on page 2-42

» “Estimating Initial Conditions for Blocks with External Initial Conditions”
on page 2-49

* “Save and Load Estimation Sessions” on page 2-50

* “How the Software Formulates Parameter Estimation as an Optimization Problem”
on page 2-52

» “Specify Steady-State Operating Point for Parameter Estimation” on page 2-61

* “Write a Cost Function” on page 2-64

* “Gradient Computations” on page 2-76

+ “Estimate Model Parameter Values (Code)” on page 2-77

+ “Estimate Model Parameters and Initial States (Code)” on page 2-89

* “Estimate Model Parameters Using Multiple Experiments (Code)” on page 2-101
+ “Estimate Model Parameters Per Experiment (Code)” on page 2-113

» “Parameter Estimation for Power Plant Excitation System Starting at Steady-State
(GUI)” on page 2-127

+ “Estimate Model Parameters with Parameter Constraints (Code)” on page 2-138
+ “Estimate Model Parameter Values (GUI)” on page 2-149

+ “Estimate Model Parameters Per Experiment (GUI)” on page 2-162

+ “Estimate Model Parameters and Initial States (GUI)” on page 2-178
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* “Generate MATLAB Code for Parameter Estimation Problems (GUI)” on page 2-189
* “Improving Optimization Performance Using Fast Restart (GUI)” on page 2-194
* “Improving Optimization Performance Using Fast Restart (Code)” on page 2-202
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What Is an Experiment?

What Is an Experiment?

To estimate unknown parameter values of a Simulink model, first create an experiment.
An experiment specifies measured input and output data. During estimation, the
experiment input data is used to simulate the model and the model output is compared
with the measured experiment output data. For more information about creating
experiments and importing data, see “Specify Estimation Data” on page 2-4.

In an experiment, you can specify initial-state values. To do so, specify the model initial
states for each experiment. You can optionally specify an initial guess for the initial state
values for any experiment. For more information, see “Specify Known Initial States” on
page 2-18.

To estimate a model parameter on a per-experiment basis, specify the model parameter
for each experiment. You can specify the initial values and limits for the parameter value
for any of the experiments. Alternatively, you can specify a parameter value as a known
quantity, not to be estimated. For more information, see “Specify Parameters for
Estimation” on page 2-8. You can choose to update experiments with estimated model
initial states and parameter values, or save the results in a new experiment. For more
information, see “Specify Estimation Options” on page 2-22.

To use experiments for validating the estimated parameter values, see “Validate
Estimation Results” on page 2-33.

See Also

Related Examples

. “Specify Estimation Data” on page 2-4

. “Specify Parameters for Estimation” on page 2-8
. “Specify Known Initial States” on page 2-18

. “Estimate Parameters and States” on page 2-25

More About
. “Edit Experiment Data” on page 2-5
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Specify Estimation Data

This topic shows how to specify estimation data for parameter estimation.

Create Experiment

Before you specify estimation data, create an experiment. At the MATLAB prompt, open
the nonlinear idle speed model of an automotive engine by typing

engine _idle speed

In the Simulink model window, open the Parameter Estimation tool by selecting Analysis
> Parameter Estimation.

4\ Parameter Estimation - engine_idle_speed EI@
[ PARANETER ESTIMATION VALIDATION ZELEDS e
0 B B 2 @ &H Bl Ld 8 cetrweor simsuoestmre| 2
Open Save New Select Select  Sensitivity  AddPlot PotModel (&) More Options Estimate
Session = Session = Experiment Experiments  Parameters Analysis « - Response -
FILE EXPERIMENTS PARAMETERS PLOTS OPTIONS ESTIMATE
Data Browser ®

w Parameters

w Experiments

* Results

W Preview
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Specify Estimation Data

In the Parameter Estimation tool, on the Parameter Estimation tab, click New
Experiment.

&

New
Experiment

This action creates an experiment called Exp in the Experiments list in the Data
Browser panel and opens the experiment editor. To change the name of the experiment,
right-click Exp and select Rename. If you rename it NewData, the Experiments list now

looks like this:

w Experiments

MewData

Edit Experiment Data

After creating an experiment, launch the experiment editor by right-clicking on the
experiment name and selecting Edit... from the list. The experiment editor resembles the

following figure.
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Edit Experiment: Exp X

Outputs il
Define measured output signals for this experiment,

engine idle speed/Sum:l [Engine Speed]

<1x1 Signal, 1 points= - H A X

@ Select Meaured Cutput Signals

Inputs
Cptionally define inputs signals for this experiment.
engine idle speed/BPAV:L (BPAN]

<132 Signal> v B & X

m

@ Select Inputs

Initial States
Optionally define initial states for this experiment.

There are currently no initial states defined for this experiment.

2 select Inttial States

Parameters
Optionally define parameters for this experiment.

There are currently no parameters defined for this experiment.

[k Select Parameters ik

The experiment editor has four panels. You select output signals on page 1-3 and import
output data on page 1-5 in the Outputs panel. You select input signals on page 1-3 and
import input data on page 1-5 in the Inputs panel. You can specify model initial states on
page 2-18 in the Initial States panel. You can specify parameters to estimate on page 2-
15 in the Parameters panel.

The rows in the Inputs panel of the editor correspond to Inport block BPAV in the
engine idle speed model. See “Import Data for Parameter Estimation” on page 1-5.

The rows in the Qutputs panel correspond to Outport block Engine Speed. You can
import signal data from files or MATLAB workspace.



See Also

The idle-speed model of an automotive engine contains the measured data stored in the
iodata array in the workspace. The array contains two columns: the first for input data,
and the second for output data. The time data is in the time array in the workspace.
Import the input data by typing [time,iodata(:,1) ] in the dialog box in the Inputs
panel.

Inputs
Optionally define inputs signals for this experiment.
engine idle speed/BPAV:L (BPAN]

| time, iodata; 1] ~| B & X

@ Select Inputs

Import the output data by typing [time,iodata(:,2)] in the dialog box in the Outputs
panel.

Note You can have more than one input or output signal, but you can have only one data
set for a signal. If you have multiple data sets, create multiple experiments.

See Also

Related Examples

. “Model Requirements for Importing Data” on page 1-2
. “Specify Parameters for Estimation” on page 2-8

. “Specify Known Initial States” on page 2-18

. “Estimate Parameters and States” on page 2-25
More About

. “What Is an Experiment?” on page 2-3
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Specify Parameters for Estimation

2-8

Choosing Which Parameters to Estimate First

Simulink Design Optimization software lets you estimate scalar, vector, and matrix
parameters. You can take an iterative approach to estimating model parameters. For
example, if you have a large number of parameters to estimate, start by estimating those
that most influence the output. After you estimate a subset of parameters and validate the
estimated parameters, you can select the remaining parameters for estimation.

You can also first use sensitivity analysis to identify the parameters that most influence
the estimation, and then specify these parameters for estimation. To open the Sensitivity

Analysis tool, in the Parameter Estimation tab, click ESensitivity Analysis. In the
Sensitivity Analysis tool, you can identify the model parameters that most influence the
estimation problem and compute initial values for the estimation parameters.

Add Model Parameters as Variables for Estimation

The software can only estimate variables that are in use by the model. Create variables
for estimation in the MATLAB or model workspace, and specify your Simulink model or
block parameters using these variables.

In this figure, the Numerator coefficients parameter of a Transfer Fcn block is specified
as a numerical value.



Specify Parameters for Estimation

P

"L Function Block Parameters: Transfer Fen @

Transfer Fcn
The numerator coefficient can be a vector or matrix expression. The
denominator coefficient must be a vector. The output width equals the

number of rows in the numerator coefficient. You should specify the
coefficients in descending order of powers of s.

Parameters

Numerator coefficients:

[100]

Denominator coefficients:

ampl/freql, 1]

To estimate the Numerator coefficients parameter, specify it as variable gainl:
1 Create the variable gainl in one of the following ways:

* Add the variables to the model workspace (Simulink), and specify initial values.
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-

Maodel Explorer
File Edit Wiew Tools Add Help

ke O H (]~ ~ @ « &8
Search: by Mame * Mame: @Y S
Madel Hierarchy E Contents of: Model Workspace (and be
4 9} Simulink Root : -
FH Base workspace Column View: [DEE Objects = l
4 myModel Mame Value DataType Min
E Model Workspace % gmint 100

@, Configuration (Active)

E Code for myModel

Simulink Design Verifier results
() Advice for myModel

e Write initialization code in the PreloadFcn callback of the model. For more
information, see “Model Callbacks” (Simulink).

gainl = 100
2 Specify the block parameter as variable gainl in the Transfer Fcn block dialog box.

of rows in the ni
coefficients in descending order of pow’

Parameters

Numerator coefficients:

You can now select gainl for estimation. See, “Specify Parameters for Estimation” on
page 2-11.
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Specify Independent Parameters for Estimation

You can also specify independent parameters that do not appear explicitly in the model as
variables for estimation. However, you cannot use this workflow with Simulink fast
restart.

Suppose that a model parameter Kint is related to independent parameters x and y such
that Kint = x+y. To estimate x and y instead of Kint:

* Create the independent variables x and y by adding them to the model workspace and
specifying initial values.

* The software only allows tuning of variables that are used by model blocks. To ensure
that the software detects x and y for tuning, add a Constant block to your model, and
specify the Constant value of the block as [x y]. Connect the block to a Display
block.

[x ?I' - I:l

Constant Dis play

* Write code in the InitFcn callback of the model that defines the relationship between
Kint, x, and y. You must first use the get param function to get the variables x and y
from the model workspace before you can use them to define Kint.

wks = get param(gcs, 'ModelWorkspace"')
X = evalin(wks, 'x')

y = evalin(wks,'y")

Kint = x+y;

You can now select x and y for estimation. Do not estimate the independent and

dependent parameters simultaneously. Doing so can lead to incorrect results. For
example, do not estimate Kint, x and y together.

Specify Parameters for Estimation

You can specify the parameters for estimation experiments using the Estimated
Parameters editor. In the Parameter Estimation tool, on the Parameter Estimation tab,
click Select Parameters.
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]

Select
Parameters

To select parameters for all experiments, click Select Parameters in the Parameters
Tuned for all Experiments panel. This opens the Select model variables dialog. Here
you can select the parameters you want to estimate by clicking the check box next to it or

specifying an expression. For more information see “Select Parameters Using Select
Model Variables Dialog Box” on page 2-15.

The editor looks like
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Edit: Estimated Parameters .

Parameters Tuned for all Experiments
There are no parameters selected for estimation.

i Select parameters
Parameters and Initial States Tuned per Experiment
Experiment: | MewData =

Select experiment initial states for estimation.

There are no initial states defined for this experiment.

Select experiment parameters for estimation.

There are no parameters defined for this experiment.

Edit experiment

B3] update Model &7 OK (3 Help

For example, in the engine idle speed model, select freql, freq2, freq3, gainl,
gain2, gain3 and mean_ speed for estimation. You do not need to estimate the
parameters all at once. You can first select all the parameters you are interested in, and
then later select a subset to estimate. By default, all the parameters are selected for
estimation. To deselect the ones you do not want to estimate, clear the Estimate check
box for a parameter. For this example, only estimate gainl, gain2, gain3 and
mean_speed. Set their initial values 10, 100, 50, and 500, respectively, and then click
OK. The Edit: Estimated Parameters dialog box looks like
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2-14

Edit: Estimated Parameters
Parameters Tuned for all Experiments

»

b |3 ~| B % [ Estimate

NE ~| Hp X [ Estimate

b |3 ~| Hp % [ Estimate

m

P |10 ~| §» % 0 Estimate

b |100 ~| §p % U Estimate

b |5|;| v| E;. 4 Estimate

mean speed
Y |5CIU 1r| E;. x Estimate

E Select parameters

Parameters and Initial States Tuned per Experiment

Experiment: |[Exp ™ -

To learn how to specify initial values and upper and lower bounds of the parameters, see
“Specifying Initial Guesses and Upper/Lower Bounds” on page 2-16.

Select Parameters to Estimate for a Specific Experiment

To select the parameters to estimate in a specific experiment, first, select the experiment
for estimation as described in “Estimate Parameters and States” on page 2-25. Then, you
can use the Edit:Estimated Parameters dialog to select parameters to estimate for that
experiment. Select the experiment name from the Experiment: combo box in the
Parameters and Initial States Tuned per Experiment panel. Then click Edit
experiment to launch the experiment editor for the experiment you select.



Specify Parameters for Estimation

Alternatively, you can right click the experiment name in the Experiments list and select
Edit.... In the experiment editor, click the Select parameters button in the Parameters
panel. In the Select model variables dialog box, you can select the parameters you want
to estimate in this experiment by checking the box next to it or specifying an expression.
For more information see “Select Parameters Using Select Model Variables Dialog Box”

on page 2-15.

Select Parameters Using Select Model Variables Dialog Box

Use this dialog box to specify parameters to estimate. The table lists the variables that
the model uses to set block parameter values. The variables can reside in the model
workspace, the base workspace, or a data dictionary.

Select variables by clicking the check box next to each variable. If your model contains
many variables, filter the list by typing in the Filter by variable name field. The Used
By column lists all blocks in the model that use the variable. When a variable is used in
more than one block, all blocks are listed. To highlight blocks in the model that use the
variable, click the block name.

Select model variables =
Filter by wariable narme P
w | Variable | Currentwv.. Used By
[T |freql 3 engine idle speed/Transfer Fcn o
[ |freq2 3 engine idle speed/Transfer Fenl
O] |freq? 3 engine idle speed/Transfer Fen
[ |gainl 100 engine idle speed/Transfer Fcn 2
] |gain2 0 engine idle speed/Transfer Fenl 1
[ |gain3 0 engine idle speed/Transfer Fcn l

P Specify expression indexing if necessary (e.g., a(3) or s.x)

o’ OK

2@ Cancel @ Help

The variables that you select must have a numeric value that uses the data type double.
If the value of a variable is not a double number, use these techniques:

» To select a single element or a subset of a matrix or array variable, click Specify
expression indexing if necessary.
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w Specify expression indexing if necessary (e.g., a(3) orsx )

Enter an expression such as myArray(2), which selects the second element of an
array variable myArray.

After you type the expression, press the Enter key to add the variable to the list of
model variables.

» To use a variable of a numeric data type other than doub'le, convert the variable to a
Simulink.Parameter object, which separates a parameter value from its data type.
Set the Value property to a default double number, and use the DataType property
to control the data type.

* To use the value of a Simulink.Parameter object, specify the Value property. Enter
the expression myParamObj .Value.

* To use a numeric field of a structure, enter myStruct.PID.P1. If you store the
structure in a Simulink.Parameter object, enter myStruct.Value.PID.P1.

* To use one cell of a cell array, enter myCells{3}.

You cannot use mathematical expressions such as a + b. Sometimes, models have
parameters that are not explicitly defined in the model itself. For example, a gain k could
be defined in the MATLAB workspace as K = a + b, where a and b are not defined in
the model but k is used. To add these independent parameters, see “Add Model
Parameters as Variables for Estimation” on page 2-8.

Specifying Initial Guesses and Upper/Lower Bounds

After you select parameters, you can specify

» Initial guess — The value the estimation uses to start the process.

* Minimum — The smallest allowable parameter value. The default is - Inf.

¢ Maximum — The largest allowable parameter value. The default is +Inf.
You can enter the initial value in the dialog box below the parameter name. You can
specify the minimum and maximum value fields by clicking the arrow . The default

minimum and maximum values are -Inf and +Inf, respectively, but you can select
any range you want.

2-16



See Also

gainl

¥ (10 | Oz » [ Estimate
Minimum: | -Inf v | O
Maximum: | Inf | O
Scale: |10 | o

If you believe a parameter lies within a finite range, it is best not to use the default
minimum and maximum values. Often, there are computational advantages in
specifying finite bounds. It can be very important to specify lower and upper bounds.
For example, if a parameter specifies the weight of a part, be sure to specify 0 as the
absolute lower bound if better information is unavailable.

Note When you specify the minimum and maximum values for the parameters, it does
not affect your settings in the Parameters list under Data Browser pane. You make
these choices for each experiment.

Scale — The scale value to use for normalization. The parameters are scaled, or
normalized, by dividing their current value by the scale value. Scale is useful, in
situations, for example, when parameters have different orders of magnitude.

The default scale value is the next power of 2 greater than the current value of the

parameter. For example, if the current parameter value is 15, Scale is 16 ( =24). You
can edit this field to provide an alternate scaling factor.

See Also

Related Examples

“Specify Known Initial States” on page 2-18

More About

“What Is an Experiment?” on page 2-3
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Specify Known Initial States

2-18

When to Specify Initial States Versus Estimate Initial States

Sets of measured data are often collected at various times and under different initial
conditions. When you estimate model parameters using one data set and subsequently
run another estimation with a second data set, your parameter values may not match.

You can use the Parameter Estimation tool to estimate the initial conditions using
procedures that are similar to those you use to estimate parameters. You can then use
these initial condition estimates as a basis for estimating parameters for your Simulink
model.

Specify Model Initial States

After you select parameters for estimation, as described in “Specify Parameters for
Estimation” on page 2-8, you can specify initial conditions of states in your model. By
default, the estimation uses initial conditions specified in the Simulink model. If you want
to specify initial conditions other than the defaults, use the Initial States panel in the
experiment editor dialog. For this example, right click NewData and select Edit... from
the list to open the experiment editor on page 2-5. Then, click Select Initial States
button.

Initial States
Optionally define initial states for this experiment.

There are currently no initial states defined for this experiment.

Select Initial States

The Select Model States dialog for the engine idle speed model looks like



Specify Known Initial States

Filter by state narme 2
v State Current value
= engine idle speed/Transfer Fcn [0a]

[ engine idle speed/Transfer Fcnl [0a]
= engine idle speed/Transfer Fcnd [0a]

o oKk $2cancel  (2) Help

Click the check box next to the state you would like to modify. For example, if you select
engine_idle_speed/Transfer Fcn and enter the initial values -0.2 and 0, the Initial
States panel now looks like

Initial States
Optionally define initial states for this experiment.
engine idle speed/Transfer Fcn

b [r0.20] -1 B x
Select Initial States

Click Select Parameters in the Parameter Estimation tab. After you also select the
parameters as described in “Specify Parameters for Estimation” on page 2-8, the Edit:
Estimated Parameters dialog looks like the following figure.
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Edit: Estimated Parameters

Parameters Tuned for all Experiments
freql
> |3 v| 5 % [7 Estimate

b |3 ~|Hp % M Estimate

> |3 v| 5 % [7 Estimate

b |10 ~| B % U Estmate

b 100 | B} % U Estimate

b |50 ~| B % U Estmate

mean speed
b |500 | B} % U Estimate

E Select parameters

Parameters and Initial States Tuned per Experiment
Experiment: |Exp ™
Select experiment initial states for estimation.

engine idle speed/Transfer Fcn
b 1020 ~| B Estimate

Select experiment parameters for estimation.

There are no parameters defined for this experiment.

Edit experiment

Bgl Update Model ¢ OK

® Help

See Also

Related Examples
. “Specify Estimation Data” on page 2-4




See Also

. “Specify Parameters for Estimation” on page 2-8

More About
. “Edit Experiment Data” on page 2-5
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Specify Estimation Options

2-22

This topic shows how to specify estimation options in the Parameter Estimation tool.

After you have specified estimation data and parameters, specify the following estimation
options:

1 Goodness of fit criteria (cost function)

Cost Function: Sum Sguared Error «

The cost function is a function that estimation methods minimize. To specify the
method for calculating the cost function, in the Parameter Estimation tab of the
tool, select one of the following from the Cost Function drop-down list:

* Sum Squared Error — Uses a least-squares approach (default).
* Sum-Absolute Error — Uses the sum of absolute errors.

If the experimental data has many outliers, you can select the robust cost option. The
software uses a Huber loss function to handle the outliers in the cost function and
improves the fit quality. This option reduces the influence of outliers on the
estimation without you having to manually modify your data. To select this option, in

the Parameter Estimation tab, click @More Options to open the Estimation
Options dialog box. In the Optimization Options tab of the dialog box, select Use
robust cost.

The software uses the error statistics to identify the outliers. The error, e, is
calculated as the difference between measured and simulated output. The cost
function used, F(x), depends on the method used.

Method Name |[Cost Function for Cost Function for Outliers
Nonoutliers

Sum Squared Fx) = e(t) x e(t)

Error te%OL F(X)=t€EOLWX e(t)

NOL is the set of nonoutlier

w is a linear weight. OL is the
samples.

set of outlier samples.
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Method Name |Cost Function for Cost Function for Outliers
Nonoutliers
Sum-Absolute Fx)= > w
F(x) = e(t)
Error + eSoL t €OL

w is a constant value. OL is

NOL is the set of nonoutlier the set of outlier samples.

samples.

2  Estimation progress and result options for estimation task

To specify these options, in the Parameter Estimation tab, click More Options to
open the Estimation Options dialog box. In the General Options tab, specify the

estimation progress and result options. For details about the options, click the Help
button.

Estimation Options X

General Options | Optimization Options | Parallel Options

Progress Options

Show estimation progress window during estimation
Create a parameter trajectory plot during estimation

Update plots during estimation

Result Options
Update model at end of estimation
Estimation results:

@ Owerwrite estimation result with new estimated values

(71 Save estimated values as new estimation result

| ok || cCancel || Help |
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3  Optimization options, such as optimization method and optimization termination
options.

Specify these options in the Optimization Options tab of the Estimation Options
dialog box. For details about the options, click the Help button.

4 Parallel computing options
Specify these options in the Parallel Options tab of the Estimation Options dialog

box. For details about the options, see “Estimate Parameters Using Parallel
Computing in the Parameter Estimation Tool” on page 2-43.

See Also

Related Examples
. “Specify Estimation Data” on page 2-4

. “Specify Parameters for Estimation” on page 2-8

More About

. “How the Software Formulates Parameter Estimation as an Optimization Problem”
on page 2-52
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Estimate Parameters and States

This topic shows how to estimate parameters and states in the Parameter Estimation tool.

T IEPERET=IE10
ﬁ E @l E % E‘ E‘i Cost Function: Sum Squared Error « |>

Open Save New Select Select Sensitivity  Add Plot  Plot Model @ More Options... Estimate
Session = Session * Experiment Experiments  Parameters  Analysis « - Response -
FILE EXFERIMENTS FARAMETERS FLOTS OFTIONS ESTIMATE

Data Browser ®

w Parameters

w Experiments

w Results

e

To estimate parameters and states after you have specified estimation data on page 2-4,
parameters on page 2-8, and estimation options on page 2-22:

1  Specify experiments for estimation.

In the Parameter Estimation tool, in the Parameter Estimation tab, click Select
Experiments. In the Select Experiments dialog box, in the Estimation column,
select the experiment to use.
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Select Experiments

Select experiments to include for estimation or validation

Estimation  Validation  Experiment
| [ |Nw.rData

t

& 0K () Help

For information about the Validation column, see “Validate Estimation Results” on
page 2-33.

(Optional) Create progress plots to view estimation progress.

When you start the estimation, the tool automatically displays a parameter trajectory
plot that shows the change in the parameter values during estimation. You can create
other plots for viewing the progress of the estimation before you begin estimating the
parameters. During estimation, all these plots update with each iteration.

* To plot the measured data, on the Parameter Estimation tab, click Add Plot.
Select the experiment to use for estimation under Experiment Plots of the drop-
down list.

To add the simulated response to the measured data plot, on the Parameter
Estimation tab, click Plot Model Response.

Alternatively, right-click the experiment name in the Experiments area of the
tool, and select Plot measured & simulated data from the menu.
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NewData
- : Engine Speed :
Measured
— Simulate
| Simulated
"' It vt e
oL
600 I,|| ”UII |||'|'l|lr“”| L"';.’n’l’l’l.‘h’h’m‘ﬁﬁ, —t L .le,r- 1
! L |
[1] i I
S 400
= BPAV
- | |
.1 i
8 ||| |H||||” m M H
)
J L
_ZD SID ‘1DI'D 150

Time (seconds)

You can edit the labels, adjust the limits, change the units, and the font style of
the plot in the Property Editor. To open the editor, right-click the experiment plot
and select Properties from the list.

* To plot the parameter values as they change, click Add Plet, and select
Parameter Trajectory. To add the scaled values or save iteration data, right-click
the plot.

* To add a plot for the estimation cost, click Add Plot, and select Estimation Cost.
To add the scaled values or save iteration data, right-click the plot.

Use the View tab of the tool to arrange the layout of the plots, so that all the progress
plots you created are visible.
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Experiment plot: NewData 2 1 Iteration plot1 32 l Iteration plot 2 30 ]

Experiment plot: NewData - 0O x

NewData
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Iteration plot1 - 0 x
EstimatedParams (@[ There is no data for ExpGast, run the optimization to update the plot.

5004 T
—+—freq1
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400 & freqa 0.8
—HE—gain1
——gain2
P 300 gain3 ° 0.6
ol —&— mean_speed %
= =
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100 0.2
0 : : - - ! 0
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Iteration Iteration

3 Estimate the parameters and states.

In the Parameter Estimation tab, click DEstimate.

An Estimation Progress Report window opens at the start of estimation. The report
and progress plots update with each iteration.

4 View the Estimation Progress Report after the estimation completes.

By default, the report displays the iteration number (Iteration), the number of times
the objective function is calculated (F-count), and cost function value (f(x), for
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example, NewData(Minimize)). You can change the display table by clicking
Display Options. To learn more about the display table, see “Iterative Display”

(Optimization Toolbox).

4| Estimation Progress Report EI@
Iteration | F-count MNewData
(Minimize)
0 9 367.8139 =
1 18 20.5548 |=
z 27 8.7363
3 36 66133
4 45 6.5183
Optimization started 07-0ct-2015 13:51:34 -
Estimation converged, 07-0ct-2015 13:52:00
annine idle snasd undated with asti smluss i
[ Save Keration... ] [ Display Options... ] [ Estimate ]

View the estimated results.

The estimation results are saved in a new variable, EstimatedParams, in the

Results area of the tool.

To view the contents of the variable, right-click EstimatedParams and select
Open... from the menu. EstimatedParams includes the values of the parameters,
the cost function value, and information about the stopping criteria for the

estimation.
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6

iew Result : EstimatedParams

Estimation result(s):

freql =3

freq2 =3

freq3 =3

gainl = 124,44

gain = 24,591

gain3 = 20,441
mean_speed = 730.37

Pararmeters estimated using experiments:
MewData, cost = 6.5183

Solver output:
Cost: 6.5183
ExitFlag: 1
FCount: 45
Date: 07-0ct-201513:52
Solver termination message:

Lecal minimum found.

Optimization completed because the size of the gradient is less than
the selected value of the optimality tolerance.

Stopping criteria details:

Optimiza

jgn completed: The first-order optimali
OptimalityTolerance 5,

asure, 1.093793e-12,

View the progress plots.
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Experiment plot: NewData - O
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The measured versus simulated data plot shows how closely the simulated data
matches the measured estimation data. The estimated parameters plot and cost
function plots show the changes in the estimated value of the parameters and

estimated cost function for each iteration.

Typically, a lower cost function value indicates the model simulation with the
estimated parameters closely matches experimental data. If the optimization went
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well, you should see your cost function converge to a minimum value. The lower the
cost, the more successful the estimation.

For information on types of problems you may encounter using optimization solvers,
see “When the Solver Fails” (Optimization Toolbox), “When the Solver Might Have
Succeeded” (Optimization Toolbox), and “When the Solver Succeeds” (Optimization
Toolbox).

See Also

Related Examples

. “Specify Estimation Data” on page 2-4

. “Specify Parameters for Estimation” on page 2-8
. “Specify Known Initial States” on page 2-18

. “Specify Estimation Options” on page 2-22

. “Validate Estimation Results” on page 2-33

. “Save and Load Estimation Sessions” on page 2-50
More About
. “What Is an Experiment?” on page 2-3
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Validate Estimation Results

This topic shows how to validate estimation results in the Parameter Estimation tool.
After you estimate parameters as described in “Estimate Parameters and States” on page
2-25, validate the estimation results using another data set.

Configure and Perform Validation

To validate a model using the Parameter Estimation tool:

1

Load the validation data set.

At the MATLAB prompt, load the validation data into the MATLAB workspace.

load iodataval;
Add a new experiment for validation.

In the Parameter Estimation tool, in the Validation tab, click New Experiment. A
new experiment with default name appears in the Experiments area of the tool. To
rename the experiment ValidationData, right-click the experiment and select
Rename from the drop-down menu.

PARAMETER ESTIMATIORN S ID A TIM EXPERIMEMT PLOT
E' B |i| Plot Measured & Simulated Data |>
[y Zelect Select Results M Plot Residuals Yalidate
Experiment Expetiments to Walidate -
EXPERIMENTS RESULTS PLOT OPTIONS Wi [DATE

Import the validation data set into the validation experiment.

Right click the experiment name, and select Edit. Specify [time,iodataval(:,1)]
in Inputs , and [time,iodataval(:,2)] in Outputs.

Specify the experiment for validation.

When you create an experiment, it is by default selected for estimation. To select
another experiment for validation, in the Validation tab, click Select Experiments.

In the Select Experiments dialog box, clear Estimation and select Validation for the
validation experiment.
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Select experiments to include for estimation or validation

Estimation  Validation  Experiment

MewData
ValidaticnData

e &

o 0K (?) Hep

5 Specify the estimation results to use in the validation.
After you import validation data, select the estimated parameter values to validate.

The estimation results are saved in the EstimatedParams variable in the Results
area of the tool. In the Validation tab, click Select Results to Validate.

To validate the estimated parameters, in the Select Results dialog box, select
EstimatedParams and clear Use current parameter values.

Select results to include in validation
Results

P 4

EstimatedParams

« 0k (?) Help

6 Select the plots to display at the end of validation.

2-34



Validate Estimation Results

Parameter Estimation tool can display the measured and simulated responses and the
residuals plot at the end of validation. Select the plots to display by checking the
corresponding box on the Validation Tab.

Plot Measured & Simulated Data

Plot Residualz

FLOT OFTIONS

Validate the estimation results.

On the Validation tab, click Validate. The Validation Progress Report shows the
status of the validation.

|4 validation Progress Report (===

Experirment Mame Status
“alicdationExp Completed
Walickate
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Compare Measured and Simulated Responses

1

Compare measured validation data against the model output simulated with the
estimated parameters.

The tool displays the experiment plot for each experiment selected for validation.
Each experiment plot shows the measured data, and data from simulation using each
set of results selected. For example, the following figure shows the experiment plot
for the ValidationExp data.
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Examine the Residuals Plot.
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The residuals plot shows the difference between simulated response and measured
data. When there is a good fit between the simulated output and measured data, the
residuals show the following behavior:

* Lie within a small percent of the maximum output variation.

* Do not display any systematic patterns.



See Also

For example, you can see from the following figure that the residuals for
ValidationExp data satisfy both criteria.

Residuals for Exp
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See Also

Related Examples

. “Estimate Parameters and States” on page 2-25
More About
. “What Is an Experiment?” on page 2-3
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Speed Up Parameter Estimation Using Parallel
Computing

2-38

When to Use Parallel Computing for Parameter Estimation

You can use Simulink Design Optimization software with Parallel Computing Toolbox™
software to speed up parameter estimation of Simulink models. Using parallel computing
may reduce the estimation time in the following cases:

* The model contains a large number parameters to estimate, and the estimation
method is specified as either Nonlinear least squares or Gradient descent.

* The Pattern search method is selected as the estimation method.

* The model is complex and takes a long time to simulate.

When you use parallel computing, the software distributes independent simulations to run

them in parallel on multiple MATLAB sessions, also known as workers. The time required

to simulate the model dominates the total estimation time. Therefore, distributing the
simulations significantly reduces the estimation time.

For information on how the software distributes the simulations and the expected
speedup, see “How Parallel Computing Speeds Up Estimation” on page 2-38.

For information on configuring your system and using parallel computing, see “Use

Parallel Computing for Parameter Estimation” on page 2-42.

How Parallel Computing Speeds Up Estimation

You can enable parallel computing with the Nonlinear least squares, Gradient
descent and Pattern search estimation methods.

Parallel Computing with Nonlinear least squares and Gradient descent Methods

When you select Gradient descent as the estimation method, the model is simulated
during the following computations:
* Objective value computation — One simulation per iteration

* Objective gradient computations — Two simulations for every tuned parameter per
iteration
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* Line search computations — Multiple simulations per iteration

The total time, Ttotal, taken per iteration to perform these simulations is given by the
following equation:

Ttotal =T+ (Npx2XT)+ (NlsxT) =T x (1 + (2 x Np) + Nls)

where T is the time taken to simulate the model and is assumed to be equal for all
simulations, Np is the number of parameters to estimate, and Nis is the number of line
searches. Nis is difficult to estimate and you generally assume it to be equal to one, two,
or three.

When you use parallel computing, the software distributes the simulations required for
objective gradient computations. The simulation time taken per iteration when the
gradient computations are performed in parallel, TtotalP, is approximately given by the
following equation:

TtotalP = T + (ceil(%) Xx2XT)+(NIsxT) =T x (1 + 2 X ceil(N

NP
Nw) + Nls)

where Nw is the number of MATLAB workers.

Note The equation does not include the time overheads associated with configuring the
system for parallel computing and loading Simulink software on the remote MATLAB
workers.

The expected reduction of the total estimation time is given by the following equation:

Ttotap _ 1+2 X ceil( &) + Nls
Ttotal = 1+ (2x Np) + NIs

For example, for a model with N,=3, N,=4, and N,=3, the expected reduction of the total
1+2xceill3)+3

estimation time equals T¥2x3)+3 — 0.6.

Parallel Computing with the Pattern search Method

The Pattern search method uses search and poll sets to create and compute a set of
candidate solutions at each estimation iteration.
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The total time, Ttotal, taken per iteration to perform these simulations, is given by the
following equation:

Ttotal = (T X Np X Nss) + (T x Np X Nps) = T x Np X (Nss + Nps)

where T is the time taken to simulate the model and is assumed to be equal for all
simulations, Np is the number of parameters to estimate, Nss is a factor for the search
set size, and Nps is a factor for the poll set size. Nss and Nps are typically proportional to
Np.

When you use parallel computing, Simulink Design Optimization software distributes the
simulations required for the search and poll set computations, which are evaluated in
separate parfor loops. The simulation time taken per iteration when the search and poll
sets are computed in parallel, TtotalP, is given by the following equation:

TtotalP = (T x ceil(Np X %)) + (T x ceil(Np x %PS))
Nss Nps

X (ceil(Np x —) + ceil(Np x )

where Nw is the number of MATLAB workers.

Note The equation does not include the time overheads associated with configuring the
system for parallel computing and loading Simulink software on the remote MATLAB
workers.

The expected speed up for the total estimation time is given by the following equation:

Ttotalp _ Ceil(Np X @) + ceil(Np x Nps

Ttotal — Np x (Nss + Nps)

For example, for a model with N,=3, N,=4, Ns;=15, and N,s=2, the expected speedup

ceil(3 x 22) + ceil(3 x 2)

equals 3% (15 F 2) =0.27.

Using the Pattern search method with parallel computing may not speed up the
estimation time. When you do not use parallel computing, the method stops searching for
a candidate solution at each iteration as soon as it finds a solution better than the current
solution. When you use parallel computing, the candidate solution search is more



See Also

comprehensive. Although the number of iterations may be larger, the estimation without
using parallel computing may be faster.

See Also

Related Examples

. “Use Parallel Computing for Parameter Estimation” on page 2-42
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Use Parallel Computing for Parameter Estimation

2-42

Configure Your System for Parallel Computing

You can speed up parameter estimation using parallel computing on multicore processors
or multiprocessor networks. Use parallel computing with the Parameter Estimation tool
and sdo.optimize to estimate parameters using the fmincon, lsqonlin, and
patternsearch methods. Parallel computing is not supported for the fminsearch
(Simplex search) method.

When you estimate model parameters using parallel computing, the software uses the
available parallel pool. If none is available, and you select Automatically create a
parallel pool in your Parallel Computing Toolbox preferences, the software starts a
parallel pool using the settings in those preferences. To open a parallel pool that uses a
specific cluster profile, use:

parpool(MyProfile);
MyProfile is the name of a cluster profile.

For information regarding creating a cluster profile, see “Add and Modify Cluster Profiles”
(Parallel Computing Toolbox).

Model Dependencies

Model dependencies are any referenced models, data such as model variables, S-
functions, and additional files necessary to run the model. Before starting the
optimization, verify that the model dependencies are complete. Otherwise, you may get
unexpected results.

Making Model Dependencies Accessible to Remote Workers

When you use parallel computing, the Simulink Design Optimization software helps you
identify model dependencies. To do so, the software uses the Simulink Manifest Tools. The
dependency analysis may not find all the files required by your model. To learn more, see
“Scope of Dependency Analysis” (Simulink). If your model has dependencies that are
undetected or inaccessible by the parallel pool workers, then add them to the list of
model dependencies.

The dependencies are made accessible to the parallel pool workers by specifying one of
the following:
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» File dependencies: the model dependency files are copied to the parallel pool workers.

* Path dependencies: the paths to the model dependencies are added to the paths of the
parallel pool workers. If you are working in a multi-platform scenario, ensure that the
paths are compatible across platforms.

Using file dependencies is recommended, however, in some cases it can be better to
choose path dependencies. For example, if parallel computing is set up on a local multi-
core computer, using path dependencies is preferred as using file dependencies creates
multiple copies of the dependent files on the local computer.

For more information, see:

* “Estimate Parameters Using Parallel Computing in the Parameter Estimation Tool” on
page 2-43

* “Estimate Parameters Using Parallel Computing (Code)” on page 2-46

Estimate Parameters Using Parallel Computing in the
Parameter Estimation Tool

To estimate model parameters using parallel computing in the Parameter Estimation tool:

1 Ensure that the software can access parallel pool workers that use the appropriate
cluster profile.

For more information, see “Configure Your System for Parallel Computing” on page 2-
42,
Open the Parameter Estimation tool for the Simulink model.

3 Configure the estimation data, estimation parameters and states, and, optionally,
estimation settings.

For more information, see “Specify Estimation Data” on page 2-4, “Specify
Parameters for Estimation” on page 2-8, and “Specify Estimation Options” on page 2-
22.

On the Parameter Estimation tab, click @More Options to open the Estimation
Options dialog box.

5 Select the Parallel Options tab.
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Estirmaticn Options

| General Optionsl Optimization Options | Parallel Opti0ﬂ5|

[T] Use the parallel pool during optimization

Mo model file dependencies specified.

Add file dependency... Sync file dependencies from model

| ok || Cancel || Hep |

Select the Use the parallel pool during optimization check box.

This option checks for dependencies in your Simulink model. The file dependencies
are displayed in the Model file dependencies list box, and corresponding path to
the files in Model path dependencies. The files listed in Model file dependencies
are copied to the remote workers.

Note The automatic dependencies check may not detect all the dependencies in your
model.

For more information, see “Model Dependencies” on page 2-42. In this case, add the
undetected dependencies manually.

Add any file dependencies that the automatic check does not detect.

Specify the files in the Model file dependencies list box separated by semicolons or
on separate lines.
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9
10

| General Optionsl Optimization Options| Parallel Opti0ﬂ5|

Use the parallel pool during cptimization

Meadel file dependencies | Model path dependencies|

Chmyprojectifilel sbe Chmyproject2\file2.m
C:\estim_common_dependencies\ﬁlﬁ.mat{

[ Add file dependency... ] ’ Sync file dependencies from model

| ok || Cancel || Hep |

Alternatively, click Add file dependency to open a dialog box, and select the file to
add.

Note If you do not want to copy the files to the remote workers, delete all entries in
the Model file dependencies list box. Populate the Model path dependencies list
box by clicking the Sync path dependencies from model, and add any undetected
path dependencies. In addition, in the list box, update the paths on local drives to
make them accessible to remote workers. For example, change C:\ to \\\
\hostname\\C$\\.

If you modify the Simulink model, resync the dependencies to ensure that any new
dependencies are detected. Click Sync file dependencies from model in the
Parallel Options tab to rerun the automatic dependency check for your model.

This action updates the Model file dependencies list box with any new file
dependency found in the model.

Click OK.

In the Parameter Estimation tab, click Estimate to estimate the model parameters
using parallel computing.

For information on troubleshooting problems related to estimation using parallel
computing, see “Troubleshooting” on page 2-47.
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Estimate Parameters Using Parallel Computing (Code)

To use parallel computing for parameter estimation at the command line:

1

Ensure that the software can access parallel pool workers that use the appropriate
cluster profile.

For more information, see “Configure Your System for Parallel Computing” on page 2-
42,
Open the model.

Configure an estimation experiment. For example, see “Estimate Model Parameter
Values (Code)” on page 2-77.

Enable parallel computing using an optimization option set, opt.

opt = sdo.OptimizeOptions;
opt.UseParallel = true;

Find the model dependencies.

[dirs,files] = sdo.getModelDependencies(modelname)

Note sdo.getModelDependencies may not detect all the dependencies in your
model. For more information, see “Model Dependencies” on page 2-42. In this case,
add the undetected dependencies manually.

Modify files to include any file dependencies that sdo.getModelDependencies
does not detect.

files = vertcat(files, 'C:\matlab\work\filename.m')

Note If you do not want to copy the files to the remote workers, use the path
dependencies. Add any undetected path dependencies to dirs and update the paths
on local drives to make them accessible to remote workers. See
sdo.getModelDependencies for more details.

Add the file dependencies for optimization.

opt.ParallelFileDependencies = files;
Run the optimization.

[pOpt,opt_info] = sdo.optimize(opt fcn,param,opt);
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For information on troubleshooting problems related to estimation using parallel
computing, see “Troubleshooting” on page 2-47.

Troubleshooting

Why Are the Estimation Results With and Without Parallel Computing Different?

Different numerical precision on the client and worker machines can produce
marginally different simulation results. Thus, the optimization method can take a
different solution path and produce a different result.

When you use parallel computing with the Pattern search method, the search is
more comprehensive and can result in a different solution. To learn more, see “Parallel
Computing with the Pattern search Method” on page 2-39.

Why Didn’t the Estimation Speed up Using Parallel Computing?

When you estimate a few parameters or when the model does not take long to
simulate, you do not see a speedup in the estimation time. In such cases, the overhead
associated with creating and distributing the parallel tasks outweighs the benefits of
running the estimation in parallel.

Using the Pattern search method with parallel computing might not speed up the
optimization time. Without parallel computing, the method stops the search at each
iteration as soon as it finds a solution better than the current solution. The candidate
solution search is more comprehensive when you use parallel computing. Although the
number of iterations might be larger, the optimization without using parallel
computing might be faster.

To learn more about the expected speedup, see “Parallel Computing with the Pattern
search Method” on page 2-39.

Why Doesn’t the Estimation Using Parallel Computing Make Any Progress?

To troubleshoot the problem:

1

Run the optimization for a few iterations without parallel computing to see if the
optimization progresses.

Check whether the remote workers have access to all model dependencies. Model
dependencies include data variables and files required by the model to run.

To learn more, see “Model Dependencies” on page 2-42.
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Why Does the Estimation Using Parallel Computing Continue When 1 Click Stop?

When you use parallel computing with the Pattern search method, the software must
wait until the current optimization iteration completes before it notifies the workers to
stop. The optimization does not terminate immediately when you click Stop, and, instead,
appears to continue running.

See Also
parpool | sdo.OptimizeOptions | sdo.getModelDependencies | sdo.optimize

More About

. “Speed Up Parameter Estimation Using Parallel Computing” on page 2-38
. “Ways to Speed Up Design Optimization Tasks”
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Estimating Initial Conditions for Blocks with External
Initial Conditions

When an integrator block uses an initial-condition port, which you specify by an IC block,
you cannot estimate the initial conditions (ICs) of the integrator using Simulink Design
Optimization software. Estimation is not possible because external ICs have priority over
the ICs of a specific block to maintain the integrity of the model.

To tune the ICs of an integrator block with external ICs, you must modify the model to
make the external signal into a tunable parameter. For example, you can set the IC block
that feeds into the integrator to be a tunable variable and estimate it.

See Also
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Save and Load Estimation Sessions
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This topic shows how to save and load estimation sessions in the Parameter Estimation
tool.

Structure of an Estimation Session

The Parameter Estimation tool stores and organizes data from a given Simulink model

inside a session. An estimation session includes the following information:

* One or more estimation or validation experiments along with their configurations

* Parameter information

* Estimation results

» Estimation settings

* Plots — Changes to plots layout and plot characteristics, such as axis limits, line
colors, are not included.

The default session name is the same as the Simulink model name. The session name is
shown on the title pane of the Parameter Estimation tool.

Save Parameter Estimation Tool Sessions

Saving a session lets you reuse your estimation settings and results later. You can save
the session as a MAT-file or workspace variable:

* To save the session as a MAT-file, in the Parameter Estimation tab, in the Save

Session drop-down list, click Save to file. A window opens where you specify the
MAT-file name.

» To save the session as a model or MATLAB workspace variable, select Save to model
workspace or Save to MATLAB workspace in the Save Session drop-down list.

Load Parameter Estimation Tool Sessions

To load a previously saved MAT-file or workspace sessions:

1 Open a Parameter Estimation tool for the model.



See Also

2 Toload a MAT-ile, in the Parameter Estimation tab click the Open Session drop-
down list, and select Open from file. A window opens where you select the MAT-file
to load.

To load a workspace variable, select Open from model workspace or Open from
MATLAB workspace in the Open Session drop-down list.

Load Legacy Projects

Open legacy projects that are in MAT-files by selecting Open from file from the Open
Session drop-down list. The Parameter Estimation tool recognizes and converts them into
the new session format.

See Also

More About

. “What Is an Experiment?” on page 2-3
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How the Software Formulates Parameter Estimation as
an Optimization Problem

2-52

Overview of Parameter Estimation as an Optimization Problem

When you perform parameter estimation, the software formulates an optimization
problem. The optimization problem solution is the estimated parameter values set. This
optimization problem consists of:

* x — Design variables. The model parameters and initial states to be estimated.

* F(x) — Objective function. A function that calculates a measure of the difference
between the simulated and measured responses. Also called cost function or
estimation error.

* (Optional) x = x = X — Bounds. Limits on the estimated parameter values.
* (Optional) C(x) — Constraint function. A function that specifies restrictions on the
design variables.

The optimization solver tunes the values of the design variables to satisfy the specified
objectives and constraints. The exact formulation of the optimization depends on the
optimization method that you use.

Cost Function

The software tunes the model parameters to obtain a simulated response (y;,) that tracks
the measured response or reference signal (y,.p). To do so, the solver minimizes the cost
function or estimation error, a measure of the difference between the simulated and
measured responses. The cost function, F(x), is the objective function of the optimization
problem.

Types
The raw estimation error, e(t), is defined as:
e(t) = Yref(t) — Ysim(t)
e(t) is also referred to as the error residuals or, simply, residuals.

Simulink Design Optimization software provides you the following cost functions to
process e(t):
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Cost Function Formulation Option Name in GUI or
Command Line
Sum squared error (default) tIN 'SSE'
F(x)= > e(t) xe(t)
t=0
N is the number of samples.
Sum absolute error IN 'SAE'
F(x) = E e(t)
t=0
N is the number of samples.
Raw error e(0) 'Residuals'’

F(x) =

This option is available only
e(N)

at the command line.

N is the number of samples.

Custom function N/A This option is available only
at the command line.

Time Base

The software evaluates the cost function for a specific time interval. This interval is
dependent on the measured signal time base and the simulated signal time base.

* The measured signal time base consists of all the time points for which the measured
signal is specified. In case of multiple measured signals, this time base is the union of
the time points of all the measured signals.

* The simulated signal time base consists of all the time points for which the model is
simulated.

If the model uses a variable-step solver, then the simulated signal time base can change
from one optimization iteration to another. The simulated and measured signal time bases
can be different. The software evaluates the cost function for only the time interval that is
common to both. By default, the software uses only the time points specified by the
measured signal in the common time interval.

* In the GUI, you can specify the simulation start and stop times in the Simulation
time area of the Simulation Options dialog box.
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» At the command line, the software specifies the simulation stop time as the last point
of the measured signal time base. For example, the following code simulates the model
until the end time of the longest running output signal of exp, an sdo.Experiment
object:

sim obj
sim obj

createSimulator(exp);
sim(sim _obj);

sim_obj contains the simulated response for the model associated with exp.

Bounds and Constraints

You can specify bounds for the design variables (estimated model parameters), based on
your knowledge of the system. Bounds are expressed as:

XSX<X
x and X are the lower and upper bounds for the design variables.

For example, in a battery discharging experiment, the estimated battery initial charge
must be greater than zero and less than Inf. These bounds are expressed as:

O0<x<w

For an example of how to specify these types of bounds, see “Estimate Model Parameters
and Initial States (Code)” on page 2-89.

You can also specify other constraints, C(x), on the design variables at the command line.
C(x) can be linear or nonlinear and can describe equalities or inequalities. C(x) can also
specify multiparameter constraints. For example, for a simple friction model, C(x) can
specify that the static friction coefficient must be greater than or equal to the dynamic
friction coefficient. One way of expressing this constraint is:

C(X):Xl — X2
Cx)=<0

x; and x, are the dynamic and static friction coefficients, respectively.

For an example of how to specify a constraint, see “Estimate Model Parameters with
Parameter Constraints (Code)” on page 2-138.
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Optimization Methods and Problem Formulations

An optimization problem can be one of the following types:

* Minimization problem — Minimizes an objective function, F(x). You specify the
measured signal that you want the model output to track. You can optionally specify
bounds for the estimated parameters.

* Mixed minimization and feasibility problem — Minimizes an objective function, F(x),
subject to specified bounds and constraints,C(x). You specify the measured signal that
you want the model to track and bounds and constraints for the estimated parameters.

* Feasibility problem — Finds a solution that satisfies the specified constraints, C(x). You
specify only bounds and constraints for the estimated parameters. This type of
problem is not common in parameter estimation.

The optimization method that you specify determines the formulation of the estimation
problem. The software provides the following optimization methods:
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Optimization Method
Name

Description

Optimization Problem Formulation

e User interface:
Nonlinear Least
Squares

¢ Command line:
'lsgnonlin’

Minimizes the squares
of the residuals,
recommended method
for parameter
estimation.

This method requires a
vector of error
residuals, computed

using a fixed time base.

Do not use this
approach if you have a
scalar cost function or
if the number of error
residuals can change
from one iteration to
another.

This method uses the
Optimization Toolbox™
function, Lsgnonlin.

Minimization Problem

min|FOOlZ = min(f100% + £200° + ...+£,00°)
s.t. xXsx=Xx

f1(), f2(x),....fn(x) represent residuals. n is the
number of samples.

Mixed Minimization and Feasibility Problem
Not supported.
Feasibility Problem

Not supported.
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Optimization Method
Name

Description

Optimization Problem Formulation

e User interface:
Gradient Descent

¢ Command line:
'"fmincon'

General nonlinear
solver, uses the cost
function gradient.

Use this approach if
you want to specify one
or any combination of
the following:

¢ Custom cost
functions

e Parameter-based
constraints

* Signal-based
constraints

This method uses the
Optimization Toolbox
function, fmincon.

For information on how
the gradient is
computed, see
“Gradient
Computations” on page
2-76.

Minimization Problem
min F(x)
X

s.t. x=sx=sx

Mixed Minimization and Feasibility Problem

min F(x)
s.t. Ckx)

X<X

0

<1 IA

IN

Note When tracking a reference signal, the
software ignores the maximally feasible solution
option.

Feasibility Problem

* Ifyou select the maximally feasible solution
option (i.e., the optimization continues after
an initial feasible solution is found), the
software uses the following problem
formulation:

min y
[x ]
s.t. Ckx)

X <
0

Y

<
X

I\

IA

X
Y
y is a slack variable that permits a feasible
solution with C(x) = y rather than C(x) < 0.

» If you do not select the maximally feasible
solution option (i.e., the optimization
terminates as soon as a feasible solution is
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Optimization Method
Name

Description

Optimization Problem Formulation

found), the software uses the following
problem formulation:

min 0
X

s.t. Cx)=0
X <

SX<X

e User interface:
Simplex Search

* Command line:
'fminsearch'

Based on the Nelder-
Mead algorithm, this
approach does not use
the cost function
gradient.

Use this approach if
your cost function or
constraints are not
continuous or
differentiable.

This method uses the
Optimization Toolbox
functions, fminsearch
and fminbnd. fminbnd
is used if one scalar
parameter is being
optimized. Otherwise,
fminsearch is used.
You cannot specify
parameter bounds,

X = x < X, with
fminsearch.

Minimization Problem

min F(x)
X

Mixed Minimization and Feasibility Problem

The software formulates the problem in two
steps:

1 Finds a feasible solution.

min max(C(x))

2 Minimizes the objective. The software uses
the results from step 1 as initial guesses. It

maintains feasibility by introducing a
discontinuous barrier in the optimization

objective.
min I'(x)
X
where
o ifmax(C(x)) > 0
T'(x) =
() {F(x) otherwise.

Feasibility Problem

min max(C(x))
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Optimization Method
Name

Description

Optimization Problem Formulation

e User interface:
Pattern Search

* Command line:
'patternsearch'’

Direct search method,
based on the
generalized pattern
search algorithm, this
method does not use
the cost function
gradient.

Use this approach if
your cost function or
constraints are not
continuous or
differentiable.

This method uses the
Global Optimization
Toolbox function,
patternsearch.

Minimization Problem

min F(x)
X

s.t. xsx=sx

Mixed Minimization and Feasibility Problem

The software formulates the problem in two
steps:

1 Finds a feasible solution.

min max(C(x))

s.t. xsx=sx

2 Minimizes the objective. The software uses
the results from step 1 as initial guesses. It
maintains feasibility by introducing a
discontinuous barrier in the optimization
objective.

o ifmax(C(x)) > 0
F(x) otherwise.

F(x)={

Feasibility Problem
min max(C(x))
X

s.t. XxXsxsX
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See Also

fminbnd | fmincon | fminsearch | Lsqnonlin | patternsearch | sdo.Experiment |
sdo.SimulationTest | sdo.requirements.SignalTracking |
sdo.requirements.SignalTracking

Related Examples

. “Estimate Model Parameter Values (Code)” on page 2-77

. “Estimate Model Parameters with Parameter Constraints (Code)” on page 2-138
. “Estimate Parameters from Measured Data”
More About

. “Write a Cost Function” on page 2-64
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Specify Steady-State Operating Point for Parameter
Estimation

What is a Steady-State Operating Point?

An operating point of a dynamic system defines the states and root-level input signals of
the model at a specific time. For example, in a car engine model, variables such as engine
speed, throttle angle, engine temperature, and surrounding atmospheric conditions
typically describe the operating point.

A steady-state operating point of a model, also called an equilibrium or trim condition,
includes state variables that do not change with time.

A model can have several steady-state operating points. For example, a hanging damped
pendulum has two steady-state operating points at which the pendulum position does not
change with time. A stable steady-state operating point occurs when a pendulum hangs
straight down. When the pendulum position deviates slightly, the pendulum always
returns to equilibrium. In other words, small changes in the operating point do not cause
the system to leave the region of good approximation around the equilibrium value.

When using optimization search to compute operating points for nonlinear systems, your
initial guesses for the states and input levels must be near the desired operating point to
ensure convergence.

When linearizing a model with multiple steady-state operating points, it is important to
have the right operating point. For example, linearizing a pendulum model around the
stable steady-state operating point produces a stable linear model, whereas linearizing
around the unstable steady-state operating point produces an unstable linear model.

For more information on operating points, see “What Is an Operating Point?” (Simulink
Control Design) and “What Is a Steady-State Operating Point?” (Simulink Control Design).

Setting up a Steady-State Operating Point

This topic shows how to setup a steady-state operating point in Parameter Estimation
tool. To improve the fit between the model and measured data, the model must be set to
steady-state when parameters are estimated.

1 Open the Parameter Estimation tool and setup your experiment using the steps
outlined in “Estimate Model Parameter Values (GUI)”.
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2

In the toolstrip, click More Options and select Operating Point Options from
the drop down menu.

The following Operating Point dialog box opens.

The Estimate at steady-state option is checked by default when you open the
operating point dialog. Select the appropriate experiment to change the parameters
for from the Experiment: drop down menu. Use the States, Inputs and Outputs
tabs to specify the known parameters, bounds and deviations. For instance, there is
one state in the above figure. Use the operating point dialog to specify that this state
should be treated as an unknown, and it should be set to steady state. During
parameter estimation, the operating point computation will vary this state to set it at
steady-state.
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You can also sync operating point specifications from your Simulink model or another
experiment using the Sync with specification from: drop-down list. After you

o= |

make your selection, click on the S| button to copy the parameters.

The Simulink Design Optimization software uses optimization methods to search for
operating points in a model. Use the Options tab of the dialog to specify these
optimization methods. These options specify the optimization algorithm, tolerances,
and stopping conditions. For instance, the option Gradient descent with
projection is often used to find the operating point for systems that use physical
modeling. For more information, click on the .. button.



See Also

5 Having specified the operating point parameters, continue with the estimation
workflow as described in “Estimate Model Parameter Values (GUI)”.

See Also

More About

. “What Is an Operating Point?” (Simulink Control Design)

. “What Is a Steady-State Operating Point?” (Simulink Control Design)
. “Set Model to Steady-State When Estimating Parameters (GUI)”

. “Set Model to Steady-State When Estimating Parameters (Code)”
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Write a Cost Function
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A cost function is a MATLAB function that evaluates your design requirements using
design variable values. After writing and saving the cost function, you can use it for
estimation, optimization, or sensitivity analysis at the command line.

When you optimize or estimate model parameters, you provide the saved cost function as
an input to sdo.optimize. At every optimization iteration, sdo.optimize calls this
function and uses the function output to decide the optimization direction. When you
perform sensitivity analysis using sdo.evaluate, you generate sample values of the
design variables and evaluate the cost function for each sample value using
sdo.evaluate.

Anatomy of a Cost Function

To understand the parts of a cost function, consider the following sample function
myCostFunc. For a design variable x, myCostFunc evaluates the objective x?> and the
nonlinearity constraint x?-4x+1 <= 0.

function [vals,derivs] = myCostFunc(params)

% Extract the current design variable values from the parameter object, params.
X = params.Value;

% Compute the requirements (objective and constraint violations) and
% assign them to vals, the output of the cost function.

vals.F = x."2;

vals.Cleq = x."2-4%x+1;

% Compute the cost and constraint derivatives.

derivs.F = 2*x;

derivs.Cleq = 2*x-4;

end

This cost function performs the following tasks:
1 Specifies the inputs of the cost function.

A cost function must have as input, params, a vector of the design variables to be
estimated, optimized, or used for sensitivity analysis. Design variables are model
parameter objects (param.Continuous objects) or model initial states
(param.State objects).

Since the cost function is called repeatedly during estimation, optimization, or
evaluation, you can specify additional inputs to the cost function to help reduce code
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redundancy and computation cost. For more information, see “Specify Inputs of the
Cost Function” on page 2-65.

2 Computes the requirements.
Requirements can be objectives and constraints based on model parameters, model
signals, or linearized models. In this sample cost function, the requirements are

based on the design variable x, a model parameter. The cost function first extracts
the current values of the design variables and then computes the requirements.

For information about computing requirements based on model parameters, model
signals, or linearized models, see “Compute Requirements” on page 2-66.

3 Specifies the requirement values as outputs, vals and derivs, of the cost function.

A cost function must return vals, a structure with one or more fields that specify the
values of the objective and constraint violations.

The output can optionally include derivs, a structure with one or more fields that
specify the values of the gradients of the objective and constraint violations. For more
information, see “Specify Outputs of the Cost Function” on page 2-69.

After saving the cost function as a MATLAB file myCostFunc.m, to perform the
optimization, use the cost function as an input to sdo.optimize.

[param opt,opt info] = sdo.optimize(@myCostFunc,params)

When performing sensitivity analysis, to compute the requirements in the cost function
for a range of design variable sample values paramsamples, use the cost function as an
input to sdo.evaluate.

[y,info] = sdo.evaluate(@myCostFunc,paramsamples)

Specify Inputs of the Cost Function

The sample cost function myCostFunc takes one input, params.

function [vals,derivs] = myCostFunc(params)

A cost function must have as input, params, a vector of the design variables to be
estimated, optimized, or used for sensitivity analysis. Design variables are model
parameter objects (param.Continuous objects) or model initial states (param.State
objects). You obtain params by using the sdo.getParameterFromModel and
sdo.getStateFromModel commands.
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Specify Multiple Inputs

Because the cost function is called repeatedly during estimation, optimization, or
evaluation, you can specify additional inputs to the cost function to help reduce code
redundancy and computation cost. However, sdo.optimize and sdo.evaluate accept
a cost function with only one input argument. To use a cost function that accepts more
than one input argument, you use an anonymous function. Suppose that the
myCostFunc_multi inputs.m file specifies a cost function that takes params and
argl as inputs. For example, you can make the model name an input argument, argl,
and configure the cost function to be used for multiple models. Then, assuming that all
input arguments are variables in the workspace, specify an anonymous function
myCostFunc2, and use it as an input to sdo.optimize or sdo.evaluate.

myCostFunc2 = @(params) myCostFunc multi inputs(params,argl);
[param_opt,opt info] = sdo.optimize(@myCostFunc2,params);

You can also specify additional inputs using convenience objects provided by Simulink
Design Optimization software. You create convenience objects once and pass them as an
input to the cost function to reduce code redundancy and computation cost.

For example, you can create a simulator (sdo.SimulationTest object) to simulate your
model using alternative model parameters without modifying the model, and pass the
simulator to your cost function.

simulator = sdo.SimulationTest(model)
myCostFunc2 = @(params) myCostFunc mult inputs(params,argl,arg2,simulator);
[param _opt,opt _info] = sdo.optimize(@myCostFunc2,params);

For more information about the available convenience objects, see “Convenience Objects
as Additional Inputs” on page 2-71. For an example, see “Design Optimization to Meet a
Custom Objective (Code)” on page 3-150.

Compute Requirements

The sample cost function myCostFunc computes the requirements based on a model
parameter x. In general, requirements can be objectives or constraints based on model
parameters, model signals, or linearized models. As seen in myCostFunc, you can use
MATLAB functions to compute the requirements. You can also use the requirements
objects that Simulink Design Optimization software provides. These objects enable you to
specify requirements such as step-response characteristics, gain and phase margin
bounds, and Bode magnitude bounds. You can use the evalRequirement method of
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these objects to evaluate the objective and constraint violations. For a list of available
requirement objects, see “Convenience Objects as Additional Inputs” on page 2-71.

Parameter-Based Requirements

If you have requirements on model parameters, in the cost function you first extract the
current parameter values, and then compute the requirements.

1  Extract the current parameter value from params.

x = params.Value;
2  Compute the requirement, and specify it as vals, the output of the cost function.

Suppose that the objective to be computed is x* and the constraint is the nonlinearity
constraint x>-4x+1.

vals.F = x."2;
vals.Cleq = x."2-4*x+1;

In the context of optimization, x? is minimized subject to satisfying the constraints.
For sensitivity analysis, the cost and constraints are evaluated for all values of the
parameter params.

For more information about the output of a cost function, see “Specify Outputs of the
Cost Function” on page 2-69.

For an example of a cost function with a parameter-based requirement, see “Design
Optimization to Meet a Custom Objective (Code)” on page 3-150. In this example, you
minimize the cylinder cross-sectional area, a design variable in a hydraulic cylinder.

Model Signal Requirements

If you have requirements on model signals, in the cost function you simulate the model
using current design variable values, extract the signal of interest, and compute the
requirement on the signal.

1 Simulate the model using the current design variable values in param. There are
multiple ways to simulate your model:

» Using sdo.SimulationTest object — If an sdo.SimulationTest object,
simulator, is a cost function input, you update the model parameter values
using the Parameters property of the simulator. Then use sim to simulate the
model.
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simulator.Parameters = params;
simulator = sim(simulator);

For an example, see “Design Optimization to Meet a Custom Objective (Code)” on
page 3-150.

» Using sdo.Experiment object — If you are performing parameter estimation
based on input-output data defined in an sdo.Experiment object, exp, update
the design variable values associated with the experiment using the
setEstimatedValues method. Create a simulator using the createSimulator
method, and simulate the model using the updated model configuration.

exp = setEstimatedValues(exp,params);
simulator = createSimulator(exp,simulator);
simulator sim(simulator);

For an example, see “Estimate Model Parameters Per Experiment (Code)” on page
2-113.

+ Using sim command — If you are not using sdo.SimulationTest or
sdo.Experiment objects, use sdo.setValueInModel to update the model
parameter values, and then call sim to simulate the model.

sdo.setValueInModel('model name',param);
LoggedData = sim('model name');
Extract the logged signal of interest, SignalOfInterest.

Use the SignallLoggingName model parameter to get the simulation log name.

logName = get param(simulator.ModelName, 'SignallLoggingName"');
simLog = get(simulator.LoggedData, LlogName);
Sig = get(simLog, 'SignalOfInterest")

Evaluate the requirement, and specify it as the output of the cost function.

For example, if you specified a step-response bound on a signal using a
sdo.requirements.StepResponseEnvelope object, StepResp, you can use the
evalRequirement method of the object to evaluate the objective and constraint
violations.

vals.Cleq = evalRequirement(StepResp,SignalOfInterest.Values);

For an example, see “Design Optimization to Meet Step Response Requirements
(Code)”. For more information about the output of a cost function, see “Specify
Outputs of the Cost Function” on page 2-69.
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Linearization-Based Requirements

If you are optimizing or evaluating frequency-domain requirements, in the cost function
you linearize the model, and compute the requirement values. Linearizing the model
requires Simulink Control Design™ software.

Use the SystemLoggingInfo property of sdo.SimulationTest to specify linear
systems to log when simulating the model. For an example, see “Design Optimization to
Meet Frequency-Domain Requirements (Code)” on page 3-266. Alternatively, use
linearize to linearize the model.

Note For models in Simulink fast restart mode, you cannot use the linearize
command.

Specify Outputs of the Cost Function

The sample cost function myCostFunc outputs vals, a structure with fields that specify
the values of the objective and constraint violations. The second output is derivs, a
structure with fields that specify the derivatives of the objective and constraint.

function [vals,derivs] = myCostFunc(params)

A cost function must output vals, a structure with one or more of the following fields
that specify the values of the objective and constraint violations:
* F — Value of the cost or objective evaluated at param.

* (Cleq — Value of the nonlinear inequality constraint violations evaluated at param. For
optimization, the solver ensures Cleq < 0.

* Ceq — Value of the nonlinear equality constraint violations evaluated at param. For
optimization, the solver ensures Ceq = 0.

* leq — Value of the linear inequality constraint violations evaluated at param. For
optimization, the solver ensures leq < 0.

* eq — Value of the linear equality constraint violations evaluated at param. For
optimization, the solver ensures eq = 0.

* Log — Additional optional information from evaluation.

If you have multiple constraints of one type, concatenate the values into a vector, and
specify this vector as the corresponding field value. For instance, if you have a hydraulic
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cylinder, you can specify nonlinear inequality constraints on the piston position (Cleql)
and cylinder pressure (Cleq2). In this case, specify the Cleq field of the output structure
vals as:

vals.Cleq = [Cleql; Cleq2];

For an example, see “Design Optimization to Meet a Custom Objective (Code)” on page 3-
150.

By default, the sdo.optimize command computes the objective and constraint gradients
using numeric perturbation. You can also optionally return the gradients as an additional
cost function output, derivs. Where derivs must contain the derivatives of all
applicable objective and constraint violations and is specified as a structure with one or
more of the following fields:

* F — Derivatives of the cost or objective.
* (Cleq — Derivatives of the nonlinear inequality constraints.
* Ceq — Derivatives of the nonlinear equality constraints.

The derivatives are not required for sensitivity analysis. For estimation or optimization,
specify the GradFcn property of sdo.OptimizeOptions as 'on"'.

Multiple Objectives

Simulink Design Optimization software does not support multi-objective optimization.
However, you can return the objective value (vals.F) as a vector that represents the
multiple objective values. The software sums the elements of the vector and minimizes
this sum. The exception to this behavior is in the use of the nonlinear least squares
(Lsgnonlin) optimization method. The nonlinear least squares method, used for
parameter estimation, requires that you return the error residuals as a vector. In this
case, the software minimizes the sum square of this vector. If you are tracking multiple
signals and using Llsqnonlin, then concatenate the error residuals for the different
signals into one vector. Specify this vector as the F field value.

For an example of single-objective optimization using the gradient descent method, see
“Design Optimization to Meet a Custom Objective (Code)” on page 3-150.

For an example of multiple-objective optimization using the nonlinear least squares
method, see “Estimate Model Parameters Per Experiment (Code)” on page 2-113.
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Convenience Objects as Additional Inputs

A cost function must have as input, params, a vector of the design variables to be
estimated, optimized, or used for sensitivity analysis. You can specify additional inputs to
the cost function using convenience objects provided by the Simulink Design Optimization
software. You create convenience objects once and pass them as an input to the cost
function to reduce code redundancy and computation cost. For information about
specifying additional inputs to the cost function, see “Specify Multiple Inputs” on page 2-
66.
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Convenience Object

Class Name

Description

Simulator objects

sdo.SimulationTest

Use the simulator object to
simulate the model using
alternative inputs, model
parameters, and initial-state
values without modifying the
model. Use the
SystemLoggingInfo property
of sdo.SimulationTest to
specify linear systems to log
when you have frequency-
domain requirements.

In the cost function, use the sim
method to simulate the model.
Then extract the model
response from the object, and
evaluate the requirements.

For an example, see “Design
Optimization to Meet a Custom
Objective (Code)” on page 3-
150.

Note To perform estimation,
optimization, or evaluation
using Simulink fast restart, it is
necessary to create the
simulator before the cost
function, and then pass the
simulator to the cost function.
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Convenience Object

Class Name

Description

Requirements objects

Available Requirements
Objects

Time-domain requirements:
* sdo.requirements.Signa
1Bound

* sdo.requirements.StepR
esponseEnvelope

* sdo.requirements.Signa
1Tracking

* sdo.requirements.Phase
PlaneEllipse

* sdo.requirements.Phase
PlaneRegion

Parameter requirements:
* sdo.requirements.Funct
ionMatching

* sdo.requirements.Monot
onicVariable

* sdo.requirements.Relat
ionalConstraint

* sdo.requirements.Smoot
hnessConstraint

Frequency-domain
requirements:

* sdo.requirements.GainP
haseMargin

* sdo.requirements.BodeM
agnitude

* sdo.requirements.Close
dLoopPeakGain

Use these objects to specify
time-domain and frequency-
domain costs or constraints that
depend on the design variable
values.

In the cost function, use the
evalRequirement method of
the object to evaluate how
closely the current design
variables satisfy your design
requirement.

For an example, see “Design
Optimization to Meet Step
Response Requirements
(Code)”.
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Convenience Object Class Name Description
* sdo.requirements.PZDam
pingRatio
* sdo.requirements.PZNat
uralFrequency
* sdo.requirements.PZSet
tlingTime
* sdo.requirements.Signa
1Tracking
* sdo.requirements.StepR
esponseEnvelope
* sdo.requirements.OpenL
oopGainPhase
Experiment objects sdo.Experiment Use an experiment object to

specify the input-output data,
model parameters, and initial-
state values for parameter
estimation.

In the cost function, update the
design variable values
associated with the experiment
using the
setEstimatedValues method.
Then, to simulate the model
using the updated model
configuration, create a
simulator using the
createSimulator method.

For an example, see “Estimate
Model Parameters Per
Experiment (Code)” on page 2-
113.
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See Also

param.Continuous | sdo.Experiment | sdo.OptimizeOptions |
sdo.SimulationTest | sdo.evaluate | sdo.optimize | sdo.setValueInModel

Related Examples

“How the Optimization Algorithm Formulates Minimization Problems” on page 3-3
“Design Optimization to Meet a Custom Objective (Code)” on page 3-150

“How the Software Formulates Parameter Estimation as an Optimization Problem”
on page 2-52

“Estimate Model Parameter Values (Code)” on page 2-77
“What is Sensitivity Analysis?” on page 4-2
“Identify Key Parameters for Estimation (Code)” on page 4-217
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Gradient Computations

2-76

For the Gradient descent (fmincon) optimization solver, the gradients are computed
using numerical perturbation:

dx =3 eps X max(‘x ‘ , 11_0Xtypical)
dL = max(x — dX, Xmin)

dR = min(x + dX, Xmax)

Fy = opt_fen(dL)

Fr = opt_fcn(dR)

dF _ (FL—FR)
dx — ([dL=dR)

* Xxis a scalar design variable.
*  Xpin is the lower bound of x.
* X 1S the upper bound of x.
*  Xgypicar 18 the scaled value of x.

* opt fcn is the objective function.
dx is relatively large to accommodate simulation solver tolerances.

If you want to compute the gradients in any other way, you can do so in the cost function
you write for performing design optimization programmatically. See sdo.optimize and
GradFcn of sdo.OptimizeOptions for more information.

See Also

fmincon

More About

. “How the Software Formulates Parameter Estimation as an Optimization Problem”
on page 2-52

. “How the Optimization Algorithm Formulates Minimization Problems” on page 3-3
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Estimate Model Parameter Values (Code)

This example shows how to use experimental data to estimate model parameter values.

Aircraft Model

The Simulink model, sdoAircraftEstimation, models the longitudinal flight control
system of an aircraft.

open_system('sdoAircraftEstimation')

Group 2
%D Signal 1

Aircraft Longitudinal Flight Control

Pilot

This demaonstration models a flight control algorithm

of an aircraft.

q, radisec
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| Stick, in
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qdat  MzPiloi. g NzFilh, g
Mz Pilot. g
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Filat G-force

calculation

Copyright 1990-2012 The MathWarks, Inc.

Estimation Problem

»(D

alpha, rad

You use measured data to estimate the aircraft model parameters and states.
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Measured output data:

» Pilot G force, output of the Pilot G-force calculation block
* Angle of attack, fourth output of the Aircraft Dynamics Model block

Parameters:

* Actuator time constant, Ta, used by the Actuator Model block
» Vertical velocity, Zd, used by the Aircraft Dynamics Model block
» Pitch rate gains, Md, used by the Aircraft Dynamics Model block

State:

+ [Initial state of the first-order actuator model, sdoAircraftEstimation/Actuator
Model

Define the Estimation Experiment
Get the measured data.
[time,iodata] = sdoAircraftEstimation Experiment;

The sdoAircraftEstimation Experiment function returns the measured output data,
iodata, and the corresponding time vector. The first column of iodata is the pilot G
force and the second column is the angle of attack.

To see the code for this function, type edit sdoAircraftEstimation Experiment.
Create an experiment object to store the measured input/output data.

Exp = sdo.Experiment('sdoAircraftEstimation');

Create an object to store the measured pilot G-Force output.

PilotG = Simulink.SimulationData.Signal;

PilotG.Name = 'PilotG';

PilotG.BlockPath = 'sdoAircraftEstimation/Pilot G-force calculation';
PilotG.PortType = 'outport';

PilotG.PortIndex = 1;

PilotG.Values timeseries(iodata(:,2),time);

Create an object to store the measured angle of attack (alpha) output.
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AoA = Simulink.SimulationData.Signal;

AoA.Name = 'AngleOfAttack’;

AoA.BlockPath 'sdoAircraftEstimation/Aircraft Dynamics Model';
AoA.PortType 'outport’;

AoA.PortIndex 4;

AoA.Values timeseries(iodata(:,1),time);

Add the measured pilot G-Force and angle of attack data to the experiment as the
expected output data.

Exp.OutputData = [...
PilotG;
AoA];

Add the initial state for the Actuator Model block to the experiment. Set its Free field
to true so that it is estimated.

Exp.InitialStates = sdo.getStateFromModel('sdoAircraftEstimation', 'Actuator Model');
Exp.InitialStates.Minimum = 0;
Exp.InitialStates.Free true;

Compare the Measured Output and the Initial Simulated Output

Create a simulation scenario using the experiment and obtain the simulated output.

Simulator
Simulator

createSimulator(Exp);
sim(Simulator);

Search for the pilot G-Force and angle of attack signals in the logged simulation data.

SimLog = find(Simulator.LoggedData,get param('sdoAircraftEstimation', 'Signallogg:
PilotGSignal = find(SimLog, 'PilotG");
AoASignal = find(SimLog, 'AngleOfAttack');

Plot the measured and simulated data.

As expected, the model response does not match the experimental output data.

plot(time, iodata, ...
AoASignal.Values.Time,AoASignal.Values.Data, .
PilotGSignal.Values.Time,PilotGSignal.Values. Data ")
title('Simulated and Measured Responses Before Estlmatlon )
legend('Measured angle of attack', 'Measured pilot g force',
'Simulated angle of attack', 'Simulated pilot g force');
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Simulated and Measured Responses Before Estimation
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Specify the Parameters to Estimate

Select the model parameters that describe the flight control actuation system. Specify
bounds for the estimated parameter values based on our understanding of the actuation
system.

p = sdo.getParameterFromModel('sdoAircraftEstimation',{'Ta','Md"', 'Zd'});

p(1).
p(1).
p(2).
p(2).
p(3).
p(3).

2-80

Minimum
Maximum
Minimum
Maximum
Minimum
Maximum

0.01; %Ta
1;
-10;  %Md
0 .

-100; %Zd
0;
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Get the actuator initial state value that is to be estimated from the experiment.

s = getValuesToEstimate(Exp);

Group the model parameters and initial states to be estimated together.

v = [p;s]
v(l,1) =
Name: 'Ta'

Value: 0.5000
Minimum: 0.0100
Maximum: 1

Free: 1
Scale: 0.5000
Info: [1x1 struct]
v(2,1) =
Name: 'Md'

Value: -1
Minimum: -10
Maximum: 0

Free: 1
Scale: 1
Info: [1x1 struct]
v(3,1) =
Name: 'Zd'

Value: -80
Minimum: -100
Maximum: 0

Free: 1
Scale: 128
Info: [1x1 struct]
v(4,1) =
Name: 'sdoAircraftEstimation/Actuator...
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Value: 0
Minimum: 0
Maximum: Inf

Free: 1
Scale: 1
dxValue: 0
dxFree: 1

Info: [1x1 struct]

4x1 param.Continuous

Define the Estimation Objective Function

Create an estimation objective function to evaluate how closely the simulation output,
generated using the estimated parameter values, matches the measured data.

Use an anonymous function with one input argument that calls the
sdoAircraftEstimation Objective function. We pass the anonymous function to
sdo.optimize, which evaluates the function at each optimization iteration.

estFcn = @(v) sdoAircraftEstimation Objective(v,Simulator,Exp);
The sdoAircraftEstimation Objective function:

* Has one input argument that specifies the actuator parameter values and the actuator
initial state.

* Has one input argument that specifies the experiment object containing the measured
data.

* Returns a vector of errors between simulated and experimental outputs.

The sdoAircraftEstimation Objective function requires two inputs, but
sdo.optimize requires a function with one input argument. To work around this,
estFcn is an anonymous function with one input argument, v, but it calls
sdoAircraftEstimation Objective using two input arguments, v and Exp.

For more information regarding anonymous functions, see "Anonymous Functions".

The sdo.optimize command minimizes the return argument of the anonymous function
estFcn, that is, the residual errors returned by sdoAircraftEstimation_Objective.
For more details on how to write an objective/constraint function to use with the
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sdo.optimize command, type help sdoExampleCostFunction at the MATLAB
command prompt.

To examine the estimation objective function in more detail, type edit
sdoAircraftEstimation Objective at the MATLAB command prompt.

type sdoAircraftEstimation Objective

function vals = sdoAircraftEstimation Objective(v,Simulator,Exp)
%SDOAIRCRAFTESTIMATION OBJECTIVE

The sdoAircraftEstimation Objective function is used to compare model
outputs against experimental data.

vals = sdoAircraftEstimation Objective(v,Exp)

The |v| input argument is a vector of estimated model parameter values
and initial states.

The |Simulator| input argument is a simulation object used
simulate the model with the estimated parameter values.

The |Exp| input argument contains the estimation experiment data.
The |vals| return argument contains information about how well the
model simulation results match the experimental data and is used by
the |sdo.optimize| function to estimate the model parameters.

See also sdo.optimize, sdoExampleCostFunction,
sdoAircraftEstimation cmddemo

0° 0% 0% 0% 0% 0° ° A° A° A° O° A% A% B° O° O° O° O° O° o° o°

o°

Copyright 2012-2015 The MathWorks, Inc.

Define a signal tracking requirement to compute how well the model output
matches the experiment data. Configure the tracking requirement so that
it returns the tracking error residuals (rather than the
sum-squared-error) and does not normalize the errors.

= sdo.requirements.SignalTracking;
.Type = '==";

.Method = 'Residuals’;
.Normalize 'off';

SO S 0% 0° 0° 0° o° o
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%

Update the experiments with the estimated parameter values.

o° o of

Exp = setEstimatedValues(Exp,v);

Simulate the model and compare model outputs with measured experiment
data.

0° o° o° o

Simulator = createSimulator(Exp,Simulator);

Simulator = sim(Simulator);

SimLog = find(Simulator.LoggedData,get param('sdoAircraftEstimation', 'SignallLogg:
PilotGSignal = find(SimLog, 'PilotG"');

AoASignal = find(SimLog, 'AngleOfAttack');

PilotGError = evalRequirement(r,PilotGSignal.Values, Exp.OutputData(1l).Values);
AoAError = evalRequirement(r,AoASignal.Values,Exp.OQutputData(2).Values);

%

Return the residual errors to the optimization solver.

o° o of

vals.F = [PilotGError(:); AoAError(:)];
end

Estimate the Parameters

Use the sdo.optimize function to estimate the actuator parameter values and initial
state.

Specify the optimization options. The estimation function
sdoAircraftEstimation Objective returns the error residuals between simulated
and experimental data and does not include any constraints, making this problem ideal
for the 'lsqnonlin' solver.

opt = sdo.OptimizeOptions;
opt.Method = 'lsgnonlin';

Estimate the parameters.

vOpt = sdo.optimize(estFcn,v,opt)

Optimization started 03-Mar-2019 19:24:33
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Iter F-count

8
17
26
35
44
53
62
71
80
89
98

[
QuOVWoo~NOoOOUEWNREFO

f(x)
27955.2
10121.6
3127.78

872.79
238.683
71.6605
16.9689
1.83553

0.0466

0.00126697
0.000281143

Local minimum possible.

Step-size
1
.4744
.3853
.4286
.5152
.4938
.4218
.3016
.1342
0.02786
0.008563

[cNocNoNoNoNoNoNO)

First-order
optimality

5.68e+04
1.24e+04
2.81e+03
618

147

44.6
11.8
1.36
0.22
0.00962

lsgnonlin stopped because the final change in the sum of squares relative to

its initial
vOpt(1,1) =

Name:
Value:
Minimum:
Maximum:
Free:
Scale:
Info:

vOpt(2,1) =

Name:
Value:
Minimum:
Maximum:
Free:
Scale:
Info:

vOpt(3,1) =

Name:

"Ta'
0.0500
0.0100

1

1

0.5000

[1x1 struct]

IMdI
-6.8848
-10

0
1
1
[

1x1 struct]

|Zd|

value is less than the value of the function tolerance.
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Value: -63.9979
Minimum: -100
Maximum: 0

Free: 1
Scale: 128
Info: [1x1 struct]
vOpt(4,1) =
Name: 'sdoAircraftEstimation/Actuator...

Value: 1.4130e-04
Minimum: ©
Maximum: Inf

Free: 1

Scale: 1

dxValue: 0
dxFree: 1
Info: [1x1 struct]

4x1 param.Continuous

Compare the Measured Output and the Final Simulated Output
Update the experiments with the estimated parameter values.
Exp = setEstimatedValues(Exp,vOpt);

Simulate the model using the updated experiment and compare the simulated output with
the experimental data.

The model response using the estimated parameter values closely matches the
experiment output data.

Simulator = createSimulator(Exp,Simulator);

Simulator = sim(Simulator);

SimLog = find(Simulator.LoggedData,get param('sdoAircraftEstimation', 'Signallogg:
PilotGSignal = find(SimLog, 'PilotG");

AoASignal = find(SimLog, 'AngleOfAttack');

plot(time, iodata, ...
AoASignal.Values.Time,AoASignal.Values.Data,'-."', ...
PilotGSignal.Values.Time,PilotGSignal.Values.Data, '--")
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title('Simulated and Measured Responses After Estimation')
legend('Measured angle of attack', 'Measured pilot g force',
'Simulated angle of attack', 'Simulated pilot g force');

Simulated and Measured Responses After Estimation
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Update the Model Parameter Values

Update the model with the estimated actuator parameter values. Do not update the model
actuator initial state (fourth element of vOpt) as it is dependent on the experiment.

sdo.setValueInModel('sdoAircraftEstimation',vOpt(1:3));

Related Examples

To learn how to estimate model parameters using the Parameter Estimation Tool, see
"Estimate Model Parameter Values (GUI)".
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Close the model.

bdclose('sdoAircraftEstimation')
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Estimate Model Parameters and Initial States (Code)

This example shows how to estimate the initial state and parameters of a model.
This example requires Simscape®.

RC Circuit Model

The Simulink model, sdoRCCircuit, models a simple resistor-capacitor (RC) circuit.

open_system('sdoRCCircuit');

1

I

oltage

flx) =10

—  Grouwnd

Copyright 2011 The Math\Warks, Inc.

Estimation Problem

You use the measured data to estimate the RC model parameter and state values.
Measured output data:

» Capacitor voltage, output of the PS-Simulink Converter block

Parameter:

» Capacitance, C1, used by the C1 block

State:
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 [Initial voltage of the capacitor, C1
Define the Estimation Experiment
Get the measured data.

load sdoRCCircuit ExperimentData

The variables time and data are loaded into the workspace, where data is the measured
capacitor voltage for times time.

Create an experiment object to store the experimental voltage data.
Exp = sdo.Experiment('sdoRCCircuit');

Create an object to store the measured capacitor voltage output.

Voltage = Simulink.SimulationData.Signal;

Voltage.Name = 'Voltage';

Voltage.BlockPath = 'sdoRCCircuit/PS-Simulink Converter';
Voltage.PortType = 'outport';

Voltage.PortIndex = 1;

Voltage.Values timeseries(data,time);

Add the measured capacitor data to the experiment as the expected output data.
Exp.OutputData = Voltage;

Compare the Measured Output and the Initial Simulated Output

Create a simulation scenario using the experiment and obtain the simulated output.

Simulator
Simulator

createSimulator(Exp);
sim(Simulator);

Search for the voltage signal in the logged simulation data.

SimLog
Voltage

find(Simulator.LoggedData,get param('sdoRCCircuit', 'SignallLoggingName')
find(SimLog, 'Voltage');

Plot the measured and simulated data.

The model response does not match the experimental output data.
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plot(time,data, 'ro',Voltage.Values.Time,Voltage.Values.Data, 'b")
title('Simulated and Measured Responses Before Estimation')
legend('Measured Voltage', 'Simulated Voltage')

Simulated and Measured Responses Before Estimation
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Specify the Parameters to Estimate

Select the capacitance parameter from the model. Specify an initial guess for the
capacitance value (460 uF) and a minimum bound (0 F).

p = sdo.getParameterFromModel('sdoRCCircuit','C1l');
p.Value = 460e-6;
p.Minimum = 0;
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Define the Estimation Objective Function

Create an estimation objective function to evaluate how closely the simulation output,
generated using the estimated parameter value, matches the measured data.

Use an anonymous function with one input argument that calls the
sdoRCCircuit Objective function. We pass the anonymous function to
sdo.optimize, which evaluates the function at each optimization iteration.

estFcn = @(v) sdoRCCircuit Objective(v,Simulator,Exp);
The sdoRCCircuit Objective function:
* Has one input argument that specifies the estimated circuit capacitance value.

* Has one input argument that specifies the experiment object containing the measured
data.

* Returns a vector of errors between simulated and experimental outputs.

The sdoRCCircuit Objective function requires two inputs, but sdo.optimize
requires a function with one input argument. To work around this, estFcn is an
anonymous function with one input argument, v, but it calls sdoRCCircuit Objective
using two input arguments, v and Exp.

For more information regarding anonymous functions, see "Anonymous Functions".

The optimization solver minimizes the residual errors. For more details on how to write
an objective/constraint function to use with the sdo.optimize command, type help
sdoExampleCostFunction at the MATLAB command prompt.

To examine the estimation object function in more detail, type edit
sdoRCCircuit Objective at the MATLAB command prompt.

type sdoRCCircuit Objective
function vals = sdoRCCircuit Objective(v,Simulator,Exp)
%SDORCCIRCUIT OBJECTIVE

The sdoRCCircuit Objective function is used to compare model
outputs against experimental data.

o® o of o° o°

vals = sdoRCCircuit Objective(v,Exp)
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The |v| input argument is a vector of estimated model parameter values
and initial states.

The |Simulator| input argument is a simulation object used
simulate the model with the estimated parameter values.

The |Exp| input argument contains the estimation experiment data.
The |vals| return argument contains information about how well the
model simulation results match the experimental data and is used by
the |sdo.optimize| function to estimate the model parameters.

See also sdo.optimize, sdoExampleCostFunction, sdoRCCircuit cmddemo

0° 0% 0% 0% 0% 0° O° O° I° O° O° A P O° o°

o°

Copyright 2012-2015 The MathWorks, Inc.

o°

Define a signal tracking requirement to compute how well the model output
matches the experiment data. Configure the tracking requirement so that
it returns the tracking error residuals (rather than the
sum-squared-error) and does not normalize the errors.

= sdo.requirements.SignalTracking;

SO 5 0% 0° 0 0° o° o

.Type = '==';
.Method = 'Residuals’;
.Normalize = 'off';

o°

Update the experiments with the estimated parameter values.

o° o of

m
Dad
©

= setEstimatedValues (Exp,vV);

o°

Simulate the model and compare model outputs with measured experiment
data.

0° o° o° of

Simulator
Simulator

createSimulator(Exp,Simulator);
sim(Simulator);

SimLog
Voltage

find(Simulator.LoggedData,get param('sdoRCCircuit', 'SignallLoggingName'));
find(SimLog, 'Voltage');
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VoltageError = evalRequirement(r,Voltage.Values,Exp.OutputData(1l).Values);

%

Return the residual errors to the optimization solver.

o° o of

vals.F = VoltageError(:);
end

Estimate the Parameters
Use the sdo.optimize function to estimate the capacitance value.

Specify the optimization options. The estimation function sdoRCCircuit Objective
returns the error residuals between simulated and experimental data and does not
include any constraints, making this problem ideal for the 'Isqnonlin’' solver.

opt = sdo.OptimizeOptions;
opt.Method = 'lsgnonlin';

Estimate the parameters.

pOpt = sdo.optimize(estFcn,p,opt)

Optimization started 03-Mar-2019 19:13:22

First-order

Iter F-count f(x) Step-size optimality
0 3 55.0041 1
1 6 21.0161 0.2124 17.2
2 9 11.5085 0.1272 6.08
3 12 9.56468 0.06553 1.99
4 15 9.27666 0.02744 0.442
5 18 9.27666 0.00717 0.442
6 21 9.27131 0.001793 0.356

Local minimum possible.

lsgnonlin stopped because the final change in the sum of squares relative to
its initial value is less than the value of the function tolerance.

pOpt =
Name: 'C1'

Value: 1.1600e-04
Minimum: ©
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Maximum: Inf
Free: 1
Scale: 0.0020
Info: [1x1 struct]

1x1 param.Continuous

Compare the Measured Output and the Simulated Output

Update the experiment with the estimated capacitance value.

Exp = setEstimatedValues(Exp,pOpt);

Create a simulation scenario using the experiment and obtain the simulated output.

Simulator
Simulator

createSimulator(Exp,Simulator);
sim(Simulator);

Search for the voltage signal in the logged simulation data.

SimLog
Voltage

find(Simulator.LoggedData,get param('sdoRCCircuit', 'SignallLoggingName"'));
find(SimLog, 'Voltage');

Plot the measured and simulated data.

The simulated and measured signals match well, except for near time zero. This mismatch
is because the capacitor initial voltage defined in the model does not match the initial
voltage from the experiment.

plot(time,data, 'ro',Voltage.Values.Time,Voltage.Values.Data, 'b")

title('Simulated and Measured Responses After Estimation')
legend('Measured Voltage', 'Simulated Voltage')
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Estimate the Initial State

Add the capacitor initial voltage for the C1 block to the experiment. Set its initial guess
value to 1 V.

Exp.InitialStates = sdo.getStateFromModel('sdoRCCircuit','Cl');
Exp.InitialStates.Value = 1;

Recreate the estimation function to use the experiment with initial state estimation
estFcn = @(v) sdoRCCircuit Objective(v,Simulator,Exp);
Get the initial state and capacitance value that is to be estimated from the experiment.

v = getValuesToEstimate(Exp);
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Estimate the parameters.

vOpt = sdo.optimize(estFcn,v,opt)

Optimization started 03-Mar-2019 19:13:41

Iter F-count

0 5
1 10
2 15
3 20
4 25

f(x)
4.66337
2.01883
1.34889
1.34365
1.34363
d

Local minimum found.

First-order

Step-size optimality
1

1.533 21

0.1257 0.0803

0.0525 0.12

0.001294 0.000711

Optimization completed because the size of the gradient is less than
the value of the optimality tolerance.

vopt(1,1) =

Name:
Value:
Minimum:
Maximum:
Free:
Scale:
dxValue:
dxFree:
Info:

vopt(2,1) =

Name:
Value:
Minimum:
Maximum:
Free:
Scale:
Info:

'sdoRCCircuit/Cl:sdoRCCircuit.Cl.vc'

2.3596
-Inf
Inf

1

1
0
1
[

1x1 struct]

1
2.2638e-04
0

Inf

1

0.0020

[1x1 struct]

2x1 param.Continuous
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Compare the Measured Output and the Final Simulated Output

Update the experiment with the estimated capacitance and capacitor initial voltage
values.

Exp = setEstimatedValues(Exp,vOpt);

Simulate the model with the estimated initial-state and parameter values and compare
the simulated output with the experiment data.

Simulator = createSimulator(Exp,Simulator);

Simulator = sim(Simulator);

SimLog = find(Simulator.LoggedData,get param('sdoRCCircuit', 'SignallLoggingName'));
Voltage = find(SimLog, 'Voltage');

plot(time,data, 'ro',Voltage.Values.Time,Voltage.Values.Data,'b")
title('Simulated and Measured Responses After Initial State and Model Parameter Estima
legend('Measured Voltage', 'Simulated Voltage')
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mulated and Measured Responses After Initial State and Model Parameter Estim:
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Update the Model Parameter Values

Update the model with the estimated capacitance value. Do not update the model
capacitor initial voltage (first element of vOpt) as it is dependent on the experiment.

sdo.setValueInModel('sdoRCCircuit',vOpt(2));

Related Examples

To learn how to estimate model parameters using the sdo.optimize command, see
"Estimate Model Parameters and Initial States (GUI)".

Close the model
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bdclose('sdoRCCircuit')
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Estimate Model Parameters Using Multiple Experiments

(Code)

This example shows how to estimate model parameters from multiple sets of experimental
data. You estimate the parameters of a mass-spring-damper system.

Open the Model and Get Experimental Data

This example uses the sdoMassSpringDamper model. The model includes two
integrators to model the velocity and position of a mass in a mass-spring-damper system.

open_system('sdoMassSpringDamper');

Valocity Position
F o 1 1
- — = L '
5 5
Force g e pos ta—b C]
Mass =
(x0 =-0.1) Pasitions
[texp1 yexpl]
@ Exparmental
Fosition Data 1
Damper
K [texp2 yexp2)
. Expermental
Spring Paosition Data 2
(mbk >
Model Copyright 2002-2012 The MathWorks, Inc.
Parameters

(from model workspaca)

Mass'SpringDamper
Values

Load the experiment data.

load sdoMassSpringDamper ExperimentData

The variables texpl, yexpl, texp2, and yexp2 are loaded into the workspace. yexpl
and yexp2 describe the mass position for times texpl and texp2 respectively.
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Define the Estimation Experiments

Create a 2-element array of experiment objects to store the measured data for the two
experiments.

Create an experiment object for the first experiment.

Exp = sdo.Experiment('sdoMassSpringDamper');

Create an object to store the measured mass position output.
MeasuredPos

MeasuredPos.Values
MeasuredPos.BlockPath

Simulink.SimulationData.Signal;
timeseries(yexpl, texpl);
'sdoMassSpringDamper/Position';

MeasuredPos.PortType ‘outport';
MeasuredPos.PortIndex 1;
MeasuredPos.Name '"Position';

Add the measured mass position data to the experiment as the expected output data.

Exp.OutputData = MeasuredPos;

Create an object to specify the initial state for the Velocity block. The initial velocity of
the mass is 0 m/s.

sVel = sdo.getStateFromModel('sdoMassSpringDamper', 'Velocity');
sVel.Value = 0;
sVel.Free = false;

sVel.Free is set to false because the initial velocity is known and does not need to be
estimated.

Create an object to specify the initial state for the Position block. Specify a guess for
the initial mass position. Set the Free field of the initial position object to true so that it
is estimated.

sPos = sdo.getStateFromModel('sdoMassSpringDamper', 'Position');
sPos.Free = true;
sPos.Value = -0.1;

Add the initial states to the experiment.

Exp.InitialStates = [sVel;sPos];
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Create a 2-element array of experiments. As the two experiments are identical except for
the expected output data, copy the first experiment twice.

Exp = [Exp; Expl;

Modify the expected output data of the second experiment object in Exp.
Exp(2).0utputData.Values = timeseries(yexp2,texp2);

Compare the Measured Output and the Initial Simulated Output

Create a simulation scenario using the first experiment and obtain the simulated output.

Simulator
Simulator

= createSimulator(Exp(1l));
= sim(Simulator);

Search for the position signal in the logged simulation data.

SimLog
Position

find(Simulator.LoggedData,get param('sdoMassSpringDamper', 'SignalLoggingName
find(SimLog, 'Position');

Obtain the simulated position signal for the second experiment.

Simulator = createSimulator(Exp(2),Simulator);

Simulator = sim(Simulator);

SimLog = find(Simulator.LoggedData,get param('sdoMassSpringDamper','SignallLogging|
Position(2) = find(SimLog, 'Position');

Plot the measured and simulated data.

The model response does not match the experimental output data.

subplot(211)
plot(...

Position(1l).Values.Time,Position(1l).Values.Data,
Exp(1l).OutputData.Values.Time, Exp(1l).OutputData.Values.Data,'--")
title('Experiment 1: Simulated and Measured Responses Before Estimation')

ylabel('Position')

legend('Simulated Position', 'Measured Position', 'Location', 'SouthEast"')
subplot(212)

plot(...

Position(2).Values.Time,Position(2).Values.Data,
Exp(2).0utputData.Values.Time, Exp(2).OutputData.Values.Data,'--")
title('Experiment 2: Simulated and Measured Responses Before Estimation')

xlabel('Time (seconds)')
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ylabel('Position')
legend('Simulated Position', 'Measured Position', 'Location', 'SouthEast"')

Experiment 1: Simulated and Measured Responses Before Estimation
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Specify Parameters to Estimate

Select the mass m, spring constant k, and damping coefficient b parameters from the
model. Specify that the estimated values for these parameters must be positive.

p = sdo.getParameterFromModel('sdoMassSpringDamper', {'b',

p(1l).Minimum
p(2).Minimum
p(3).Minimum

k', 'm'});
0;
0;
0;

Get the position initial state values to be estimated from the experiment.
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s = getValuesToEstimate(Exp);

s contains two initial state objects, both for the Position block. Each object corresponds
to an experiment in Exp.

Group the model parameters and initial states to be estimated together.

v = [p;s]
v(l,1) =
Name: 'b'
Value: 100

Minimum: ©
Maximum: Inf
Free: 1
Scale: 128
Info: [1x1 struct]

v(2,1) =

Name: 'k'
Value: 500
Minimum: ©
Maximum: Inf
Free: 1
Scale: 512
Info: [1x1 struct]

v(3,1) =

Name: 'm'

Value: 8

Minimum: ©
Maximum: Inf

Free: 1

Scale: 8

[

Info: [1x1 struct]

v(4,1) =
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Name:
Value:
Minimum:
Maximum:
Free:
Scale:
dxValue:
dxFree:
Info:

v(5,1) =

Name:
Value:
Minimum:
Maximum:
Free:
Scale:
dxValue:
dxFree:
Info:

'sdoMassSpringDamper/Position'
-0.1000

-Inf

Inf

1

0.1250

0

1

[1x1 struct]

'sdoMassSpringDamper/Position
-0.1000

-Inf

Inf

1

0.1250

0

1

[1x1 struct]

5x1 param.Continuous

Define the Estimation Objective

Create an estimation objective function to evaluate how closely the simulation output,
generated using the estimated parameter values, matches the measured data.

Use an anonymous function with one input argument that calls the
sdoMassSpringDamper Objective function. We pass the anonymous function to
sdo.optimize, which evaluates the function at each optimization iteration.

estFcn = @(v) sdoMassSpringDamper Objective(v,Simulator,Exp);

The sdoMassSpringDamper Objective function:

* Has one input argument that specifies the mass, spring constant and damper values as

well as the initial mass position.

* Has one input argument that specifies the experiment object containing the measured

data.
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* Returns a vector of errors between simulated and experimental outputs.

The sdoMassSpringDamper Objective function requires two inputs, but
sdo.optimize requires a function with one input argument. To work around this,
estFcn is an anonymous function with one input argument, v, but it calls
sdoMassSpringDamper Objective using two input arguments, v and Exp.

For more information regarding anonymous functions, see "Anonymous Functions".

The sdo.optimize command minimizes the return argument of the anonymous function
estFcn, that is, the residual errors returned by sdoMassSpringDamper Objective.
For more details on how to write an objective/constraint function to use with the
sdo.optimize command, type help sdoExampleCostFunction at the MATLAB
command prompt.

To examine the estimation objective function in more detail, type edit
sdoMassSpringDamper Objective at the MATLAB command prompt.

type sdoMassSpringDamper Objective

function vals = sdoMassSpringDamper Objective(v,Simulator,Exp)
%SDOMASSSPRINGDAMPER OBJECTIVE

The sdoMassSpringDamper Objective function is used to compare model
outputs against experimental data.

vals = sdoMassSpringDamper Objective(v,Exp)

The |v| input argument is a vector of estimated model parameter values
and initial states.

The |Simulator| input argument is a simulation object used
simulate the model with the estimated parameter values.

The |Exp| input argument contains the estimation experiment data.
The |vals| return argument contains information about how well the
model simulation results match the experimental data and is used by

the |sdo.optimize| function to estimate the model parameters.

see also sdo.optimize, sdoExampleCostFunction

0° 0% 0° 0° 0° A° A% A° O° A% O° A° A° O° A° A° O° O° o o°
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o°

Define a signal tracking requirement to compute how well the model output
matches the experiment data. Configure the tracking requirement so that
it returns the tracking error residuals (rather than the
sum-squared-error) and does not normalize the errors.

= sdo.requirements.SignalTracking;

SO 9 5 0% 0° 0 0° o° o

.Type = '==';
.Method = 'Residuals’;
.Normalize = 'off';

o°

Update the experiments with the estimated parameter values.

o° o of

= setEstimatedValues (Exp,vV);

m
X
©

imulate the model and compare model outputs with measured experiment

Error = [];
for ct=1:numel(Exp)

Simulator
Simulator

createSimulator(Exp(ct),Simulator);
sim(Simulator);

SimLog = find(Simulator.LoggedData,get param('sdoMassSpringDamper', 'SignallLoggingl
Position = find(SimLog, 'Position');

PositionError = evalRequirement(r,Position.Values, Exp(ct).OutputData.Values);

Error = [Error; PositionError(:)];
end

)
)

Return the residual errors to the optimization solver.

o° o of

vals.F = Error(:);
end



Estimate Model Parameters Using Multiple Experiments (Code)

Estimate the Parameters

Use the sdo.optimize function to estimate the actuator parameter values and initial
state.

Specify the optimization options. The esti