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Challenges in traditional 

optimization methodologies

• Expensive computational cost

• (Inevitable) simplification leads to “optimal” solution 

being suboptimal or nonoptimal

• Local minima/maxima prevent one from obtaining 

global optimal solution

• Single optimal solution lacks diversity

• Uncertainty due to model discrepancy is ignored



Transform an optimization problem into a 

“history matching” problem

Find an optimal solution via locating the minimum

(maximum) value of a given objective function using some

mathematical solver:

Find a collection of input choices for which the simulator

output meets some criteria (for example the output is

smaller to a threshold:

Traditional optimization problem: 

History matching problem: 



Emulation



Form of Emulator

Note the emulator is an approximation of the computer simulator.



Bayes linear approach 

We use Bayes linear approach to adjust expectation and variance of the

emulation output given evaluations from the model simulator.

Michael Goldstein and David Wooff, Bayes Linear Statistics: Theory and Methods, 
Wiley, 2007

Linear update  NOT  Linear model

Gaussian assumption is not required



Energy system optimization example

Active Electricity Network
Grid Supply 
Point (GSP)

Control parameters

Wind speed 
observations

Wind speed 
observations 

Demand data

All the historical data, including wind speed 
and demand, are hourly data over one year.

Cap1
Cap2

Cap3

Cap4

Cap5



Traditional optimization solution

Cap1 Cap2 Cap3 Cap4 Cap5

Optimal capacity 
(MW)

0 6.3 24.7 5.9 25.2

Waste ratio
(wasted/potential
generation in %) *

10% 10% 10% 10% 10%

*Maximum allowed overall waste ratio is set at 10%

Objective: maximize distributed power generation (DPG)
conditioned on the overall waste/curtailment ratio (WR)
less than 10%.

Wind and Demand data are fixed, a large number of control

parameters are also optimized simultaneously with the five

wind capacities.

simplification



Define model simulator

Inputs:
➢ Capacity of each wind farm 

➢ Demand (fixed)

➢ Wind level scenarios (fixed)

Outputs: waste ratio of each wind farm 
and overall waste ratio

**Control parameters are obtained via minimizing average waste
ratio for given optimal capacity of each wind farm.

Computational cost: ~10s per run



Stage 1

Ran a 1000 point Latin Hypercube samples across the key five input
parameters, i.e. capacity of each of the five wind farms.

**Usually we don’t need 1000 runs to fit the emulator, only a demonstration 
of the methodology here.



Stage 1

Results verified using another 1000 independent simulator evaluations

Note the fitting for small waste ratio is NOT well; but we are only 
interested in finding parameter sets that producing small waste 
ratio. Here comes stage 2 

98.2% within 3 standard deviation range.



Stage 2

Ran a 1,000,000 point Latin Hypercube samples across the key five
input parameters, i.e. capacity of each of the five wind farms, using the
emulator.

There are only 4% of the input sets that lead to the emulation output
(expected overall waste ratio) less than 0.25.

We can now deal with only 4% of the original input parameter volume.

Repeat the stage 1 process but only study the computer simulator
behavior over the reduced volume: Ran 1000 samples over the reduced
volume using the computer simulator, build a new emulator (with
different base functions)



Stage 2

Note the waste ratio is ~0 is actually due to all the capacities of those
five wind farm are very small, which would result small distributed
generation, but we are interested in producing large distributed
generation. Here comes stage 3

98.6% within 3 standard deviation range.



Stage 3

Ran a 1,000,000 point Latin Hypercube samples across the key five input 
parameters, i.e. capacity of each of the five wind farms, using the 
emulator from stage 2.

There are only 10% of the input sets that lead to the emulation output 
(overall waste ratio) less than 0.12 and the sum of the 5 capacities larger 
than 0.58.

We can now deal with only 0.4% of the original input parameter volume.

Ran 1000 samples over the reduced volume using the computer 
simulator, solutions comparable to the original optimization solutions are 
found.

subspace not easy to summarize 



Cap1 Cap2 Cap3 Cap4 Cap5 Overall

capacity (MW) 0 6.3 24.7 5.9 25.2 62.1

Waste ratio 10% 10% 10% 10% 10% 10%

Traditional optimization solution:

Cap1 Cap2 Cap3 Cap4 Cap5 Overall

capacity (MW) 0.1 5.4 25.1 6.2 22.1 58.9

Waste ratio 45% 8.6% 9% 22% 1.8% 8%

capacity (MW) 0 11.4 24.1 14.6 11 61.1

Waste ratio 0 31.5% 7.3% 1.2% 0.9 9.6%

capacity (MW) 4.8 0 23.6 21.2 14.1 63.7

Waste ratio 23.5% 0 6.4% 16.7 6.7 11%

capacity (MW) 15.2 15.4 0 23 9.4 63

Waste ratio 27.4% 0 0 11.1% 5.4% 11%

Selected Solutions from emulation:



Cap1 Cap2 Cap3 Cap4 Cap5 Overall

capacity (MW) 13.6 12.1 12.5 0 22.3 60.5

Waste ratio 39.5% 0.3% 0 0 2.1% 10%

capacity (MW) 13.3 5.4 13.8 29.8 0 62.3

Waste ratio 24% 0 0 13.6 0 11%

capacity (MW) 12.7 6.7 4.9 19.2 18.9 62.4

Waste ratio 8.8% 0 0 10.6% 23% 11%

Cap1 Cap2 Cap3 Cap4 Cap5 Overall

capacity (MW) 0 6.3 24.7 5.9 25.2 62.1

Waste ratio 10% 10% 10% 10% 10% 10%

Traditional optimization solution:

Selected Solutions from emulation:



Quantify Uncertainty due to model discrepancy 

To interpret the optimization solution for future planning we need to 
assess the model discrepancy.

Internal discrepancy due to:

➢ Control variables

➢ Weather profile

➢ Demand profile

We can assess the effect of these by running the model simulator with 5
wind capacity values fixed but varying the control variable set, weather and
demand profile.

Note if the structural discrepancy strongly depends on the 5 wind capacity values, we
can emulate the structural discrepancy as well, which would provide extra
information for decision makers to select “optimal” solution.



Assess the effect of changes in Demand/Wind speed by running the model
simulator with 5 wind capacity values fixed but varying the Demand and
Wind speed.

Since only linear responses are observed, we can simply emulate response slope for
different wind capacity solutions, which provide extra information for choosing the
“optimal” solution.



Cap1 Cap2 Cap3 Cap4 Cap5 Overall

capacity (MW) 0 6.3 24.7 5.9 25.2 62.1

Waste ratio 10% 10% 10% 10% 10% 10%

Traditional optimization solution:

Cap1 Cap2 Cap3 Cap4 Cap5 Overall

capacity (MW) 0.1 5.4 25.1 6.2 22.1 58.9

Waste ratio 45% 8.6% 9% 22% 1.8% 8%

capacity (MW) 0 11.4 24.1 14.6 11 61.1

Waste ratio 0 31.5% 7.3% 1.2% 0.9 9.6%

capacity (MW) 4.8 0 23.6 21.2 14.1 63.7

Waste ratio 23.5% 0 6.4% 16.7 6.7 11%

capacity (MW) 15.2 15.4 0 23 9.4 63

Waste ratio 27.4% 0 0 11.1% 5.4% 11%

Selected Solutions from emulation:

High sensitivity

Median sensitivity

Low sensitivity



Quantify Uncertainty due to model discrepancy 

To interpret the optimization solution for future planning we need to 
assess the model discrepancy.

External discrepancy:

It is determined by a combination of expert judgements
and statistical estimation.

The simplest way is to add an extra component of uncertainty
to the simulator outputs.

For example we may introduce, say, 10% additional error to
account for structural discrepancy

Better is to acknowledge that “we know we don’t know” and consider what
we know about the limitations of the model, and build a probabilistic
representation of additional features of the relationship between model
properties and system behaviour.



Summary

A general framework for energy system optimization is presented

using statistical emulation and Bayesian linear analysis.

Challenges in traditional optimization methodologies are resolved.

• Statistical emulation and Bayesian linear analysis provides an efficient

tool to identify all possible “optimal” solutions for decision maker.

• Uncertainty quantification, particularly structural discrepancy

modelling, provides informative and reliable uncertainty statements

about the real world and extra information for choosing “optimal”

solutions.


