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Executive Summary

In electricity systems, demand and supply must be in balance. The term net load refers to the portion
of system demand that must be provided by non-renewable resources, equivalent to system demand
minus the generation from variable energy resources such as solar and wind. The ramp rate of net load
refers to its rate of change. The ramp rate of a power generator refers to the rate at which it can change
its generation level. As more intermittent renewable resources are integrated into a system, the ramp
rate of net load increases, and with that, the need for flexible generators with higher ramping capability

(i.e. the ability to quickly ramp their power output up and down as needed).

As more intermittent renewable resources are integrated into a system, the ramp rate of net load
increases, and with that, the need for flexible generators with ramping capability. This Masters Project
takes data on the forecast and realizations of load and renewable generation in the California
Independent System Operator (CAISO) region from 05/01/2014 to 10/31/2014, and examines the
statistical properties of the forecast errors of these quantities and the resulting ramp in net load. It
focuses on addressing questions regarding the effects of increased penetration of renewables on market
and system operations practices: 1) what is the pattern of forecast error of ramp in net load for different
daily time periods? 2) Since net load is equal to system demand minus renewable generation, the
forecast uncertainty of the two components contributes to the forecast uncertainty of ramp in net load.
What is the element that has larger influence on the forecast error of ramp in net load? 3) A common
assumptions about forecast error in system operation is that it follows a normal probability distribution.
Is this assumption still valid under current renewable penetration levels? Does this assumption still hold
when instead of looking at the forecast error during the day, the analysis is conducted independently for
different daily time periods? 4) What are the implications of the findings of this study about the
probability distribution of forecast error in net load to the procurement targets for reserves and ramp

capability?

Results show that a) the forecast error of ramp in the system’s net load is greatly affected by the
forecast errors on generation from PV Solar, especially during twilight hours in the morning and evening,
b) the data observed does not allow rejecting the hypothesis that forecast errors of ramp follow a
normal probability distribution function. If the data used is representative of CAISO conditions, this
suggests that at current penetrations of wind and solar energy, dispatching the system to provision
ramping capability equal to 2 standard deviations above the mean of the forecast error of ramp in net

load, would results in a system that is able to meet its ramping needs 95% of the time.
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1. Introduction and Objective

1.1 Flexible Ramp Challenge with Renewable Integration in California

In electricity systems, supply must meet demand at all times. The term net load refers to the portion of
system demand that must be provided by non-renewable resources, equivalent to system demand
minus the generation from variable energy resources such as solar and wind. And the Ramp rate is
essentially the speed at which a generator can increase (ramp up) or decrease (ramp down) its power
output [1]. However, the ramp that is examined in the Master Project refers to the net load ramping

during consecutive intervals, i.e. the rate of change in net load between 5-minutes intervals.

In an electricity system, power generators are scheduled according to an economic dispatch model that
seeks to minimize the cost of meeting electricity demand over a planning horizon, while abiding
technical constraints. Because of this, the generating resources with lowest marginal cost are
dispatched first. Since solar and wind have zero marginal cost, it is beneficial to give them priority in the
dispatch. However, their uncertainty and intermittency makes the already difficult task of balancing
demand and supply even harder. Electricity systems with high penetration of wind and solar energy
have steeper ramp rates in net load and thus require flexibility in the power output and ramping
capacity of conventional generators such natural gas and coal units. Generally natural gas or oil-fired
facilities have faster ramp rates and relatively lower minimum generation levels than coal-fired units,

and can be shut down and started up relatively quickly with higher operating costs and emissions [1].

This masters’ project focuses on the net load attributes of the CAISO system in California. The California
Independent System Operator, CAISO, is the market operation authority responsible for real-time
market balancing. Renewable resources have been rapidly integrated into this system. In 2010, the in-
state electricity generation was 912GWh by solar, and 6,572 GWh by wind. However, it increased into
4,123 GWh and 12,694 GWh respectively in 2013 [2]. Figure 1 [3]shows the flexibility need during the
balancing process under the projection of renewable energy growth and OTC resources retirement from
2011 to 2020. Due to the net load variability brought by the change of generation mix, the flexible

ramping capacity required is projected to increase to 4600MW.
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Changes in the fleet capacity results in potential need of 4,600 MW of flexible capacity by 2020 which
represents about 38% of the OTC retired capacity.

Figure 1 Flexibility Ramp Requirement with Solar and Wind Integration in CAISO [3]
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Figure 2 Interaction of Wind &Solar on Net Load for a Sample Winter Day in 2020 [3]

Several studies highlight the increased in net load ramp under a sample day with different renewables
penetration levels, such as the famous “duck curve” [4]. Observing the behavior pattern of net load
under a typical day provides better understanding for the impact of renewable integration on the grid.
For example, net load would ramp down in the morning and ramp up at evenings due to the solar power

coming online and offline. This implies that significantly higher operational flexibility is required in order



to keep the same levels of system reliability. More specifically Figure 2 [3] shows the interaction of wind
and solar power on net load for a typical winter day in year 2020 with projected higher renewable
resources penetration level. The figure shows that higher ramps occur from 6:30 to 9:30a.m., and from
16:30 to 19:30 as the solar generation comes on-line and off-line during these two time periods.
Without the required flexibility in the system it may not be possible to use all the renewable energy
available at a point in time, and instead, system operators may have to dispatch other conventional

power generation resources with higher costs and emissions.

1.2 Previous Studies

A number of papers look at the statistical properties of wind speed and wind power output, and just a

few look at the distribution of forecast errors.

Several papers conclude that the wind speed for a particular hour follows a Weibull or Rayleigh
probability distribution [5] [6]. However, Soukissian, Karathanasi, and Falcieri [7] examined the
goodness of fit for different probability distributions to wind speed and concluded that the JSB and WAK
distributions are a better choice than the Weibull distribution traditionally used to simulate wind speeds
in the cost of Italy. Their conclusion was based on Kolmogorov-Smirnov (K-S), Anderson-Darling (A-D)

and y” goodness-of-fit tests and on evaluation of coefficient of determination R,”.

Some studies have examined the statistical attributes of forecast uncertainty associated with wind
generation, and the economic benefits of improving the accuracy and characterization on electricity
system operation. Studies vary in their consideration of timescale, geographic area, and wind
penetration level. The benefits of improving the forecast accuracy include and are not limited to grid
reliability, economic viability, sustainability, and reduction in wind curtailment. Recently, studies looking
at the benefits of including a market for flexible ramp products, have used the statistics of forecast error

to determine the required flexible ramp capability.

A number of studies assume that the forecast error is a random variable that follows a normal
distribution. In MISO, a normal distribution curve was created to characterize summer forced outage
rates and specific rates [8]. CAISO also used a normal probability distribution curve to fit solar forecast
error for their renewable integration study [9]. NREL [10] tested this assumption under wind penetration
by examining the statistics characteristics of day-ahead forecast uncertainty in wind generation with

CAISO and ERCOT data in 2011, and system load with data from NYISO and CAISO in 2011. For system



demand, the normal distribution and its Q-Q plot showed satisfying goodness of fit. However, for the
forecast error of wind power generation, a hyperbolic distribution showed better goodness of fit than
the normal since there are more parameters that could be adjusted in a hyperbolic probability
distribution. This NREL report concluded that with more penetration of wind power, the geographic
diversity would have a smoothing effect of the spread of wind forecasting errors, and hence the

probability distribution would become closer to a normal distribution.

In [6] Cornelius analyzed the ramping characteristics of net load of MISO if some EWITS wind sites where
developed to achieve 19% of wind penetration by capacity. The analysis showed that the uncertainty on
the net load forecast varied significantly during the day. The variability of positive ramps was high
during the mornings for all seasons and days of the week —except for winter weekends, and the
variability of negative ramps was higher at night for all seasons and days of week. This analysis showed
the importance of looking at the statistical characteristics of the net load at time scales that are relevant

for the load (e.g. weeks and weekends) as well as for the renewable resource.

In addition of the statistics analyses mentioned above there are several studies evaluating the economic
benefits of improving the forecast accuracy and characterization under renewable penetration. GE
Energy estimated the impact of wind forecast error by comparing 3 cases in NYISO, ISONE, and PJM [11]:
wind forecast is unavailable in unit commitment, wind forecast is available in unit commitment, and
wind forecast is perfect in unit commitment. The total variable cost of meeting system demand for the 3
combined RTOs could be reduced by $95M/year even if only and imperfect day-ahead wind forecast is

available and would increase to $120M/year if the forecast is perfect.

Furthermore, a joint study conducted by NREL and GE Energy [12]compared the impact on operational
cost savings and reduction in wind curtailment of an improvement of 10% and 20% in the accuracy of
day-ahead wind forecast. The study showed that under 14% wind penetration level, 10% improvement
on wind forecast would reduce $28M/year in WECC operation cost, and 20% improvement on wind
forecast would reduce $52M/year on the operation cost. The cost savings would be $100M/ year and
$195M/year respectively if the wind penetration level reached 24%. The improved wind generation
forecast could also reduce the wind curtailment up to 6%, which would help improve the overall energy

efficiency of the system.



A study of the benefits from improving short-term wind forecast after the day-ahead wind forecast [13]
[14] shows promising savings in production cost and reduction in wind curtailment in the ERCOT system.

It showed S1 million reduction in production cost during 6 month for the improved forecast accuracy.

The possibility of using a stochastic unit commitment model to capture the uncertainty in wind power
forecasting has also been discussed in several papers as an alternative to the currently used
deterministic unit commitment models [15]. Some authors believe, in contrast [16], that even though a
stochastic Unit Commitment model is promising in capturing wind forecast error by scenarios, the
currently used deterministic model could achieve similar results by increasing the reserve requirements.

These studies demonstrated the multiple application of forecast uncertainty analysis.

Given the increased steepness of the ramp in net load with the integration of variable energy sources
such as wind and solar, markets like CAISO and MISO are in the process of developing a market for
ramping capability. The target quantity to be procured in the market for each time period is informed
by analysis of the forecast uncertainty. For example, CAISO approved flexible ramp constraint interim
compensation methodology in August 2011 [17]. The market for flexible ramping products in CAISO [18],
was implemented to increase needed flexibility to integrate a growing share of renewable resources.
The required amount of flexible ramp products is equal to the 95% confidence interval for expected net
load changes between two consecutive intervals. The confidence interval is estimated assuming the

net-load forecast error follows a normal distribution assumption.

1.3 Objective of the MP

The main objective of this MP is to characterize the uncertainty of ramp in net load, and analyze the
impact that different levels of renewable penetration have on it, as observed in CAISO during the period
05/01/2014-10/31/2014. This uncertainty characterization is accomplished by a summary of the
statistical properties of the difference between the forecast and realized value of net-load ramp (i.e.
forecast error) and by a probability distribution fitting. To better understand the error on net-load
forecast this study analyses also the uncertainty on the components of net-load, namely, the load
forecast error and the renewable generation forecast error. Therefore the relationship between ramp in

net load, system demand and renewable generation was analyzed.

A secondary objective to this project consists of demonstrating the impact that different assumptions

about forecast errors on net-load ramp can have on electricity market clearing in CAISO.



1.4 Contributions of this Study

This study analyzes the statistical characteristics of ramp in net load, renewable generation, and system
demand. Generally, the forecast error in net load comes from uncertainty in system demand and
renewable generation. However, this study shows that the forecast error of ramp in renewable
generation, especially the ramp forecast in solar, would increase the forecast error of ramp in net load
significantly during mornings and evenings even when its penetration is low. This findings suggest a path

for improving the accuracy of forecast for ramp in net load as discussed in more detail in Section 3.

In addition this study examines the assumption of a normal probability distribution for the net-load
error and possess questions regarding its validity and implications. Given that both MISO and CAISO
assume a normal distribution for the forecast error [18] to determine ramp requirements, does this
assumption need to change after more renewables are integrated into the grid? How would the
requirements of reserves and flexible ramp products change if the goal is to still cover a 95% confidence
interval around the forecast error? How much standard deviation should we use to have the same
confidence level under a different probability distribution? This is an important question as it would
affect the reserve margin setting to cover the forecast error. Another questions is related to the
appropriate granularity of studies searching for the best fitting probability distribution. This study
presents different probability distributions for four time periods of the day that are relevant for net
load. The differences in these distributions highlight the importance of setting ramp capability targets

and reserve targets according to different time periods. This discussion is expanded in Sections 4 and 5.

As CAISO works on its proposal about implementing full market-wide flexible ramping products, the
findings of this study become relevant. The flexible ramping product target, and system flexibility need
in real-time operation is based on the forecast error from different forecast processes. As flexible ramp
products ae implemented market-wide in CAISO, a complete summary of data characteristics of
uncertainty in ramp forecast would contribute to adjusting the parameters of flexibility targets in the
real-time economic dispatch model. This results may also contribute to the understanding of the

reliability and economic implications of renewable resources integration.



2. Method

Both system demand and renewable generation contribute to the uncertainty of forecast ramp in net
load, since net load is equivalent to system demand from non-renewable resources. Therefore, the
analysis for ramp forecast in net load was applied to ramp in system demand and renewable generation

as well.

By grouping the data by hours, the trend of forecast uncertainty of ramp in net load, system demand,
and renewable generation was observed in four different periods of the day as shown in Table 1. Then
the forecast error analysis and distribution plotting was conducted in STATA with the same granularity,
including the calculation of forecast error of the ramp in net load, probability distribution histogram
plotting, and the normality test. The same process was also applied to study the forecast error of up
ramp (equation 5) and down ramp (equation 6) in net load, which refers to the increase or decrease in

the net load respectively.

Period Hours

Morning 4:00 AM to 9:59 AM
Day 10:00 AM to 4:59 AM
Evening 5:00 PM to 8:59 PM
Night 9:00 PM to 3:59 AM

Table 1 Hours and Periods of the Day

The last step is examining the goodness of fit of a normal probability distribution, and a student T

distribution by using Q-Q plots.

2.1 Data

Table 2 describes the data obtained from the California Independent System Operator website [19].

The data used corresponds to different time frames. Due to the complexity of modern power systems
and electricity markets, the task of the maintaining power balance is handled in a hierarchy of different
time frames. There are four different time frames for market operation purpose — day ahead forecast;
hour ahead forecast, hourly actual demand/ generation, and 5-minute balancing markets. The system
load and renewable generation for wind and solar was collected for the length of 6 months within CAISO

authority area.



Scope and Type

California-Wide

Demand Forecast

California-Wide

Demand

Northern CA/ Southern CA

Solar Generation Forecast

Northern CA/ Southern CA

Solar Generation

Northern CA/ Southern CA

Wind Generation Forecast

Northern CA/ Southern CA

Wind Generation

Report Type

Day Ahead Forecast/ 5-

Minute Forecast

Actual Data

Day Ahead Forecast/Hour
Ahead Forecast/ Real-time

Data

Actual Data

Day Ahead Forecast/Hour
Ahead Forecast/ Real-time

Data

Actual Data

Period

05/01/2014-10/31/2014

05/01/2014-10/31/2014

05/01/2014-10/31/2014

05/01/2014-10/31/2014

05/01/2014-10/31/2014

05/01/2014-10/31/2014

Table 2 Original Data Collected

2.2 CAISO Data Analytic Process
2.2.1 Data Aggregation

All the data from different geographic zones was aggregated into one signal representing the California-

Resolution

Hourly/ 5-

Minute

Hourly

Hourly/ Hourly/

5-Minute

Hourly

Hourly/ Hourly/

5-Minute

Hourly

wide level. Day-ahead forecast for both demand and solar/wind generation are provided for each hour

for the period 6 months and for a total of 4416 observations. Real-time demand and real-time

renewable generation are also provided every 5-minutes for the same time period with a total of 52544

observations. Therefore the aggregated data has a 5-minute time resolution. Since the day-ahead

forecast is hourly, we used the same day-ahead forecast for the 12 time periods within the hour.



2.2.2 Data Cleaning

The aggregated dataset had some anomalous data. For example it had abnormal (both positive and
negative) solar generation during non-solar hours (i.e. after 9pm and before 3am), and 18 out of 4416

observations with negative values for wind power generation.

First, the negative values in wind generation were kept for the fact that it is possible to have negative
generation in the cases when a turbine consumes more energy than it generates [20]. Second, for all the
abnormal solar generation with negative values, and some abnormal positive solar generation during
hours from 9:00pm to 3:00am, they are all set to 0. However, for some positive solar generation during

morning and twilight hours, such as from 4:00am to 6:00am, and 8:00 to 10:00pm they are all relatively

small (such as smaller than 2MW), and some of them concentrated during summer from July to

September, which means they might be true and cannot be excluded. Therefore they should be

processed carefully. At the end, these values are set to 0 only when their forecast values are OMW.

Negative Wind Actual

Generation

Negative Solar Actual

Generation

Positive 5-Minte
Solar Generation at

Non-Solar Hours

Number of Total Number of  Percentage of Abnormality to Note

Abnormalities Observation Abnormality

18 4416 0.41% Negative Wind Generation from
10/24/2014 to 10/30/2014, but does
not have hour pattern, not excluded

1730 4416 39% Concentrated on hours from 9pm to
4am, but these value are very small
(greater than -2 MW) when summed up
with wind generation, and most of their
forecast value are less than 2MW.

2287 52544 3.4% These values are at hour 6am or 9pm &

Table 3 Abnormalities in Original Dataset

10pm from 05/01/2014 to 09/23/2014
during summer in CA. Looks like
random error because of twilight hours

are longer during the summer.



2.2.2 Data Processing

Equation 1

Net Load = Demand —Solar Generation —Wind Generation

Equation 2

Ramp in Net Load = Net Load of Interval (n+1) —Net Load of Interval (n)

(1) Forecast Error of Ramp in Net Load

To calculate the forecast error, the forecast value of net load and real-time value need to be at the same
resolution. Since the day ahead forecast is hourly while the real-time data is 5-minute, the forecast error
between day ahead and the real-time values need to be either disaggregated into 5-minute or summed

up to hourly.
Equation 3

Disaggregated 5-Minute Net Load Day-Ahead Forecast Ramp = [Day Ahead Forecast of Net Load at Hour
(n+1) - Day Ahead Forecast of Net Load at Hour (n)]/ 12

Equation 4

Net Load Ramp Day-Ahead Forecast Error = (Disaggregated 5-Minute Net Load Day-Ahead Forecast

Ramp — Real-time Ramp in Net Load)/ Disaggregated 5-Minute Net Load Day-Ahead Forecast Ramp
(2) Up Ramp and Down Ramp
Equation 5

Up Ramp = Net Load of Interval (n+1) —Net Load of Interval (n) when Net Load of Interval (n+1)> Net

Load of Interval (n)
Equation 6

Down Ramp = Net Load of Interval (n+1) —Net Load of Interval (n) when Net Load of Interval (n+1) < Net

Load of Interval (n)

The forecast error of up ramp and down ramp in net load follows Equation 4.
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3. Summary Statistics Results

The study shows not only the renewable penetration but also the variability of renewable generation
would affect the forecast error of ramp in net load, especially the ramp in solar generation at evening
when solar power ramps down rapidly. It also indicates solar has larger impact than wind on the forecast
uncertainty in net load. The key findings of their relationship and the tables with summary statistics that

supports the findings are presented below.

(1) The uncertainty and variability of solar generation during morning or twilight hours has greater

impact on the forecast error of ramp in net load than the high penetration level during the day.

For example, the forecast error of ramp in solar generation is -31.18% during the evening, and 10.30%
during the day respectively. It means during the twilight hours, the forecast error of ramp in solar
generation is likely to have a spike. It is corresponding to the fact that forecast error of ramp in net load
also peaks to 4.6% at evening. In addition, the forecast error of ramp in net load is -2.9% during the
hours from 10:00am to 4:59pm with the highest solar penetration at 10.48% among all the periods

during the day, while at evening the solar penetration is only 3.66%.

(2) The solar has greater impact than wind on the forecast error of ramp in net load. For example, if we
compare morning hours with night hours, the average forecast error of ramp in net load decreased from
-2.5% to -0.81%. However, the total renewable penetration is around the same 7.5% with even higher

wind penetration at night, and solar penetration went down from 1.57% to 0%.

In addition, the forecast error of ramp in net load is corresponding to forecast error of ramp in solar
generation. For example, during each period of the day, if the ramp of net load is under forecasting (i.e.
negative), then and ramp in solar generation would be over forecasting (i.e. positive), and vice versa.

(3) The results of forecast error of ramp in net load show that it peaks to 4.6% during evening twilight
hours from 5:00pm to 8:59pm, and it is also relatively higher (-2.9%) during the day from 10:00am to
4:59pm than -2.5% during the morning from 4:00am to 9:59am. At night from 9:00pm to 3:59am, it is -
0.81%, lowest value among all the periods of the day. The mean value of forecast error of ramp in net
load for all hours is -1.2%, which means the ramping need of net load is under forecasting. Therefore the
flexibility requirement needs to be more precisely evaluated with more renewable integration in the

future.
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(4) For the feature of forecast error of ramp in the components of net load: the forecast error of ramp in
system demand is -0.93% for the aggregated hours while it peaks during the morning if taken granularly.
For the forecast error of ramp in wind is 10.04% average, and it has been over forecasting during all the

periods, which means wind is less fluctuated as it is expected. The forecast error of ramp in solar

generation peaks during the evening and is also significantly higher during the day than in the morning.

(5) Even though the renewables has a big impact on forecast error in net load, the uncertainty in system
demand has an influence on it as well, especially during the morning. For the hourly pattern, the
forecast error of ramp in net load follows forecast error of ramp in system demand. This is because the
overall penetration level of renewables is 9.41% so far. However, as the renewable portfolio standard
target by California is 33%, it is expected that the distribution of forecast error of ramp in renewable
generation would distort the distribution of forecast error of ramp in net load, therefore it would look

less similar to the forecast error of ramp in system demand.

3.1 Renewable penetration level in CAISO

Equation 7

Renewable Generation Level = Real-time Renewable Generation / Real-time Demand

Wind Generation Level = Solar Generation Level Total Penetration Level

All Hours 5.36% 4.05% 9.41%
Hours from 4:00am-

6.02% 1.57% 7.59%
9:59am
Hours from 10:00am-

3.25% 10.48% 13.73%
4:59pm
Hours from 5:00pm-

4.99% 3.66% 8.65%
8:59pm
Hours from 9:00pm-

7.08% 0.00% 7.08%

3:59am

Table 4 Renewable Generation Level
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3.2 Forecast Error of Ramp by Hour

Figure 3 below shows the mean of forecast error of ramp in net load, system demand, and renewable
generation by each hour. The forecast error of ramp in net load follows the trend in system demand
since the current renewable penetration level is not high enough to significantly affect net load.
However, as more solar resources are deployed in the future, the spike of solar power production in the

figure would have more significant impact on forecast error of ramp in net load.

In addition, solar presents a steep ramp from 8-10am, and 7-9pm, which supports the findings discussed

before. The forecast error of ramp in wind is relatively stable compared with wind.

Forecast Error of Ramp By Hour
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Mean Forecast Error (%) of Each Hour
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Net Load Ramp — System Demand Ramp
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Figure 3 Mean of Forecast Error of Ramp by Hour

3.3 Summary Statistics for Forecast Error of Ramp in Net Load,

Renewable Generation, and System Demand

Table 5 presents a summary of Forecast Error of Net Load Ramping during different periods of the day.
All the forecast error values that were used for analysis are filtered between [-1, 1] to remove the

outliers. There are 37122 out of 52544 observations. Overall, the ramp need in net load is under
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forecasting (i.e. -1.2%). It peaks at 4.6% at evening hours. Also, the morning hours has -2.5% forecast

error of ramp in net load, close to -2.9% during the day. All the probability distributions have very high

standard deviation.

Table 6 and 7 is the summary of Forecast Error of Ramping in Renewable Generation during different

time periods of the day. It is concluded that the forecast error of ramp in net load is not only correlated

with the generation level of renewable power, but also the fluctuation and ramping of renewables (i.e.

morning and evening for solar). For example, the period with highest forecast error of ramp in net load

and solar/wind generation are correspondingly from hour 5:00pm to 8:59pm even though the

penetration level is decreased from 13.73% to 8.65%. The second highest forecast error of ramp is -2.9%

happens at hours from 10:00am to 4:59pm, with penetration level of 13.73%.

Net Load Ramp Day- Ahead Forecast Error (%) Summary Statistics

Mean Standard Max Min
Deviation

All Hours -1.20% 44.19% 100.00% -99.86%
Hours from  -2.50% 50.99% 97.45% -99.86%
4:00am-
9:59am
Hours from  -2.90% 44.61% 99.99% -98.99%
10:00am-
4:59pm
Hours from  4.60% 50.79% 99.99% -98.99%
5:00pm-
8:59pm
Hours from -0.81% 36.02% 94.03% -98.86%
9:00pm-
3:59am

Skewness

-.0009509

-0.1804656

0.2598174

0.0126798

-0.113754

Kurtosis

3.635034

3.255778

3.271132

2.651879

5.315039

Table 5 Net Load Ramp Day- Ahead Forecast Error Parameters

Solar Generation Ramp Day- Ahead Forecast Error (%) Summary Statistics
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Number of

Observations

37122

8146

11403

4397

13176



All Hours

Hours from 4:00am-
9:59am

Hours from 10:00am-
4:59pm

Hours from 5:00pm-
8:59pm

Hours from 9:00pm-
3:59am

Mean Standard
Deviation

-0.13% 33.64%
2.89% 37.55%
10.30% 56.19%
-31.18% 47.79%
0.48% 13.59%

ax Min

100.00% -99.94%

100.00% -99.45%

99.53% -99.94%

89.17% -99.38%

100.00% -99.13%

Skewness

0.052979

0.113579

-0.18938

0.62592

1.820599

Kurtosis

5.478139

4.496035

1.91624

2.536879

34.24572

Table 6 Solar Generation Ramp Day-Ahead Forecast Error Parameters

Wind Generation Ramp Day- Ahead Forecast Error (%) Summary Statistics

Mean

All Hours

Hours from
4:00am-9:59am

Hours from
10:00am-4:59pm

Standard
Deviation

10.04% 54.76%

8.64% 54.17%

9.14% 54.45%

Max

Min Skewness

100.00%  -99.95%

100.00%  -99.94%

100.00%  -99.95%

15

Kurtosis
-0.22771 1.952958
-0.20128 1.964723
-0.2071 1.953028

Number of
Observations

30084

11837

2321

2196

13730

Number of
Observations

23183

6180

7017



Hours from
5:00pm-8:59pm

Hours from
9:00pm-3:59am

All Hours

Hours from
4:00am-
9:59am

Hours from
10:00am-
4:59pm
Hours from
5:00pm-
8:59pm
Hours from
9:00pm-
3:59am

15.45%

8.53%

53.19%

56.70%

100.00%

100.00%

-99.83%

-99.91%

-0.36916

-0.1738

2.068701

1.881456

Table 7 Wind Generation Ramp Day-Ahead Forecast Error Parameters

System Demand Ramp Day- Ahead Forecast Error (%) Summary Statistics

Mean

-0.9375%

-3.9347%

-0.1693%

1.602%

-0.4157%

Standard

Deviation

38.66%

46.13%

33.88%

51.51%

30.50%

Max

100.00%

100.00%

100.00%

100.00%

100.00%

Min

-99.98%

-99.97%

-99.81%

-99.98%

-99.96%

Skewness

-0.08147

0.09733

-0.6552

-0.05478

-0.4931

Kurtosis

3.045

2.2881

3.5464

2.0974

3.8746

Table 8 System Demand Ramp Day-Ahead Forecast Error Parameters
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42319
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4. Probability Distribution Results

This section examines the distribution of forecast error of ramp in net load, system demand, and
renewable generation during different time periods of the day. The histograms below supports the
findings in Section 3. (1) The ramp and variability of solar has larger impact than the renewable
penetration. For example, the probability distribution of forecast error of ramp in net load is distorted
greatly at morning and evening twilight hours rather than during the day when the renewable
penetration level is high. (2) Wind is in general over forecast. As shown in the figure 6, the probability
distribution of forecast error of ramp in wind is concentrated on the right side of 0 during all the periods
of the day. (3) The probability distribution graphs of forecast error of ramp in renewable generation and

system demand are listed since it helps analyzing the pattern of their ramping behavior and the impact.

4.1 Probability Distribution of Forecast Error of Ramp in Net Load,

Renewable Generation and System Demand

.03
|

Fraction
.02
l

.01
Il

T T T T
-1 -5 0 5 1
Forecast Error of Ramp in Net Load

Figure 4 Histogram of Forecast Error of Ramp in Net Load in All Hours
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Forecast Error of Ramp in Net Load from 10:00am -16:59pm  Forecast Error of Ramp in Net Load from 17:00pm -20:39pnr
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Figure 5 Histogram of Forecast Error of Ramp in Net Load by Periods of the Day

Forecast Error of Ramp in Wind from All Hours
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Figure 6 Histogram of Forecast Error of Ramp in Wind Generation by all hours
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Figure 7 Histogram of Forecast Error of Ramp in Wind Generation by Periods of the Day

Forecast Error of Ramp in Solar from All Hours
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Figure 8 Histogram of Forecast Error of Ramp in Solar Generation by all hours
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Forecast Error of Ramp in Solar from 10:00am to 16:59pm

Forecast Error of Ramp in Solar from 4:00am to 9:59am 8
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Figure 9 Histogram of Forecast Error of Ramp in Solar Generation by Periods of the Day

Forecast Error of Ramp in System Demand from All Hours
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Figure 10 Histogram of Forecast Error of Ramp in System Demand by all hours
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Figure 11 Histogram of Forecast Error of Ramp in System Demand by Periods of the Day

4.2 Probability Distribution of Forecast Error of Up Ramp in Net Load

Distribution of Forecast Error of Upramp in Net Load
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Figure 12 Histogram of Forecast Error of Up Ramp in Net Load by Periods of the Day

4.3 Probability Distribution of Forecast Error of Down Ramp in Net Load

Distribution of Forecast Error of Downramp in Net Load
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Figure 13 Histogram of Forecast Error of Down Ramp in Net Load by Periods of the Day
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5. Normality Test

In MISO and CAISO it is assumed that the forecast errors of net load follows a normal probability
distribution. However, if the forecast error of renewable resources does not follow a normal
distribution, it is likely that, with increasing penetration of renewables, this assumption will become

invalid .

The true nature of this probability distribution is of great importance, because it directly affects the
outcomes of certain CAISO processes. For example, the ISO’s target is to capture 95% of forecast error
of ramp in net load when they design flexible ramp product. If the assumption changed due to
renewable resources integration, the confidence interval changes correspondingly, which would affect

the reserves and flexibility requirement in the unit commitment and economic dispatch algorithm.

There are some key findings in probability distribution fitting: (1) in section 5.2, the Q-Q plot indicates
95% of the data in the forecast error of ramp in net load are satisfied by with normal distribution. The
goodness of fit by Q-Q plot is better at night without solar generation. (2) In section 5.3, by applying the
curve fitting with normal and student-T distribution, the aggregated hours present adequate goodness
of fit. However, while the night and day hours show better goodness of fit for normality than aggregated
hours, the morning and evening hours are less satisfyingly fitted than aggregated hours. So it brings a
new discussion for decision makers: is it really worth it to break down the probability distribution into
granular level? Apparently the forecast error of ramp in net load during each period has different mean
and standard deviation as parameters, therefore it would need different simulation assumption for
parameters or even probability distribution for corresponding hours. (3) Generally, Weibull and Gamma
are popular distributions to be used in wind production simulation. In section 5.4, it is tested that
Weibull and Gamma are not a good fit for the probability distribution of forecast error of ramp in net
load. (4) For the probability distribution of forecast error of ramp in net load, 2 standard deviations can

be applied to set a 95% confidence level, and even 99% for some time periods during the day.

5.1 Skewness and Kurtosis Test for Normality

Skewness can be thought of as the symmetry of the distribution, while the kurtosis is a measure of the
relative weighting of the peak and tails of the distribution [10]. So skewness and kurtosis test for
normality were conducted for forecast error of ramping of Net Load during each time period of the day.
All of them have 0 as p-value, which means they rejected the null hypothesis that they are pulled from a

large sample that is normally distributed. Despite this result, it may still be possible that the normality
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assumptions holds. This is because the analysis is based on only 6-months of historical data. It may be
possible that the other two seasons not included could have a smoothing effect on the distribution of
forecast error of ramping in net load. In the following section we look at the Q-Q plot and curve fitting

for an alternative look of the normal distribution fitting.

5.2 Q-Q Plot Normal Distribution Fitting

Even though the skewness and kurtosis test in Stata showed strong evidence rejecting the null
hypothesis that “the collected data is pulled out from a large normally distributed dataset”, the Q-Q plot

showed a good fit of normal distribution.

The Q-Q plot was conducted to test the normality of the dataset, where the Net Load Ramp Day-Ahead
Forecast Error raging from [-1, 1]. The Expected Forecast Error line in the figure is the expected value if
the dataset is normally distributed, and the Actual Forecast Error is from the Net Load Ramp Day-Ahead

Forecast Error, collected CAISO data.

Figure 14 below shows that except for the significant deviation at the tails, the Expected Forecast Error
line went through most of the Expected Forecast data points. As we can see, the Expected Forecast Error
line matches with the Actual Forecast Error line from Z-score [-2,2], while the cumulative probability
value for -2 and 2 in standard normal distribution is 0.02275 and 0.97725. Therefore, it means that more
than 95.45% of the collected data are very close, even equal to the expected normally distributed
forecast error. So the normal distribution is a somewhat good fit for the Net Load Ramp Day-Ahead
Forecast Error. However, when applying the normal distribution to evaluate the Net Load Ramp Day-
Ahead Forecast Error, it is important to report the skewness and kurtosis which have significant impact

on the data distribution performance as before mentioned.

In addition, figure 18 shows the Q-Q plot test for normality at hours from 9:00pm to 3:59am has better

goodness of fit as there is no solar generation at night, which supports the discussion before.

The Student T Distribution was also considered to fit the Forecast Error Distribution of Ramp in Net
Load. However, it presented the same level of goodness of fit to the actual value of forecast error for all

different time periods of the day. Representative graph (Figure 19) was selected below.
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Q-Q Plot Test for Normal Distribution for all hours
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Figure 14 Q-Q Plot for Normality of Forecast Error of Ramp in Net Load for All Hours

Q-Q Plot Test for Normality for Hours from
4:00am to 9:59am
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Figure 15 Q-Q Plot for Normality of Forecast Error of Ramp in Net Load in the Morning
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Q-Q Plot Test for Normality for Hours
from 10:00am to 4:59pm
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Figure 16 Q-Q Plot for Normality of Forecast Error of Ramp in Net Load during the day

Q-Q Plot Test for Normality for Hours
from 5:00pm to 8:59pm
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Figure 17 Q-Q Plot for Normality of Forecast Error of Ramp in Net Load in the Evening
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Q-Q Plot Test for Normality for Hours
from 9:00pm to 3:59am
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Figure 18 Q-Q Plot for Normality of Forecast Error of Ramp in Net Load at Night

Q-Q Plot Test for Student T Distribution Test for All
Hours
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Figure 19 Q-Q Plot for Student T Fitting for Forecast Error of Ramp in Net Load for all hours
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5.3 Curve Fitting with Student T and Normal Distribution

Figure 20 and 21 are the curve fitting of normal distribution and student T distribution with same mean
and standard deviation. Overall, the normal distribution showed satisfying goodness of fit, despite the
deviation at the tail, which might be due to the filtration at -1 and 1. Student T distribution showed the
same level of fitness with normal distribution. In addition, by observing the fitness of different periods
of the day, Figure 21 shows that in the morning and evening, the probability distribution is more
deviated from normal distribution. It supports the finding in Section 3 and 4, which means the
fluctuation of renewables and demand does not only increase the forecast error of ramp need in net

load, but also distort its probability distribution and make it deviate from the normal distribution.

In addition, the finding above brings us to a new discussion: is the granular analysis for forecast
uncertainty better? The fitness of normal distribution for aggregated hours are better than breaking
them down to different periods of the day. At the granular level, it is better at night and during the day,
but poor during the morning and evening. Since MISO and CAISO are using normal distribution
assumption in system operation, it will need different parameters an even different probability

distribution assumption for more granular simulations.

Forecast Error of Ramp in Net Load for All Hours
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Fitted Normal Distribution Acutual Distribution

Fitted Student T Distribution

Figure 20 Probability Distribution Curve Fitting for All Hours
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Figure 21 Probability Curve Fitting by Periods of the Day

5.4 Gamma and Weibull Fitting Attempt

Since Gamma and the Weibull distribution are based on positive samples, they are not applicable to the

dataset of ramp forecast error of net load that has negative values. Other attempt such as

exponentiating and squaring the ramp forecast error of net load to fit into Gamma and Weibull

distribution did not succeed and are not very applicable since they changed the nature of the

distribution of the forecast error of ramp in net load.

Another attempt was to applying Gamma probability distribution to the positive value of forecast error

of ramp in net load. However, Figure 22 shows the poor goodness of fit as it has the bump from f(0) to

f(0.2). The failure rules out two probability distribution fitting techniques.
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Positive Forecast Error of Ramp in Net Load
Gamma Distribution Fitting for all Hours
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Figure 22 Gamma Fitting for Positive Values in Forecast Error of Ramp in Net Load

5.4 Confidence Interval of Forecast Error of Ramp in Net Load

Table 9 shows the confidence interval of the probability distribution of the forecast error of ramp in net
load for both aggregated hours and granular level. Figure 23 is the 95% confidence level histogram for

the forecast error of ramp in net load for aggregated hours.

Table 9 indicates that for forecast error of ramp in net load, its 95% confidence interval is within 2
standard deviation from the mean since Table 5 shows that its standard deviation is relatively high. As
for granular level, 2 standard deviation is sufficient for 95% confidence interval except for at night. If 2.2
standard deviation is applied to set 95% confidence interval at night, there will be 12592 observations,

which is 95.56% of total observations.

It is an important finding since it helps setting the reserve and flexibility target between the two
consecutive intervals. For example, as CAISO’s target is to capture 95% of the forecast error of ramp in
net load, the table and graph below would be helpful since it shows that 2 standard deviation is enough
for 95% confidence interval, even for granular level. If 3 standard deviation was used, it might lead to

over generation, undesirable production cost, reserve cost, extra emission, and even resources waste.
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Confidence Interval Confidence Interval
[Mean-1 SD, Mean + 1SD] [Mean-2 SD, Mean + 2SD]

Total
Observation Number of Confidence Number of Confidence
Observations Level Observations Level
All Hours 37122 24929 67.15% 35414 95.40%
Hours from
4:00am- 8146 5090 62.48% 8117 99.64%
9:59am
Hours from
10:00am- 11403 7593 66.59% 10918 95.75%
4:59pm
Hours from
5:00pm- 4397 2707 61.56% 4367 99.32%
8:59pm
Hours from
9:00pm- 13176 9326 70.78% 12308 93.41%
3:59am

Table 9 Confidence Level with Different Standard Deviation for Forecast Error of Ramp in Net Load

Confidence Interval Forecast Error of Ramp in Net Load for
All Hours
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Figure 23. 95% Confidence Interval of Forecast Error of Ramp in Net Load for all hours
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6. Conclusion

In the forecast uncertainty analysis of ramp in net load, it is found that: (1) the fluctuation and variation,
such as solar comes online/offline, during morning and twilight hours has greater impact than higher
renewable penetration. It does not only increase the forecast error of the ramp in net load, but also its
makes its probability distribution be different from a normal distribution which is a common assumption
in most research and market operations. (2) The variability in solar has bigger impact than wind. (3) The
variability in wind has been over-forecast while the variability in net load has been underestimated. As
for the probability distribution analysis of ramp in net load, it is noted that (4) normal distribution shows
good fitness, but less satisfying when it is applied to more granular level curve fitting. (5) The 95%

confidence interval for the forecast error of ramp in net load is within 2 standard deviation to the mean.

The study provides researchers with more information about the forecast uncertainty and its variation
for different periods of the day. These findings point out that improving the forecast accuracy about the
variability of solar generation, especially during morning and evening twilight hours would be a most
efficient way to improve the forecast accuracy for ramp need in net load. It also validates the normal
distribution assumption for the uncertainty of ramp in net load. In addition, it shows 2 standard
deviation is sufficient for 95% confidence interval (even 99% at granular level) for the uncertainty of
ramp in net load, which could be an interest of utilities regulatory commission and 1SOs for flexibility

requirement design and target setting.

This study also raises interesting questions about the application of the forecast uncertainty analysis. For
example, is the granular analysis necessarily better? As we discussed in Section 5.3, normal distribution
shows better fitness for aggregated hours than for the granular level. Therefore, the balancing
authorities will need different parameters or even probability distribution assumption as system inputs
for each period level. Other questions include: Would the market performance be better if the
distribution of net load forecast errors are assumed to vary with the time of the day? How would the

metrics of system reliability, economic viability, and sustainability change?

In addition, as CAISO and MISO implement the flexible ramp products into their whole systems, the
insights from this study are pertinent to the determination of the ramp-capability targets. Building off of
this analysis, questions for future research include: Should the algorithms that determined the flexible

ramp products target be different for different periods of the day?
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