
Uncertainty and Market Simulation Based Cost-Benefit 
Study for Dynamic Ramp Reserve Requirement

Abstract—Wind and solar penetration have been increasing 
rapidly in the Mid-continent Independent System Operator 
(MISO) footprint in the past few years. In addition, extreme 
weather events have become more frequent. Market operations 
need additional margins and flexibility to manage the increasing 
uncertainty and variability. Over the years, MISO’s co-optimized 
energy and ancillary service markets have been developed to 
include different reserve products to address the uncertainty in 
different timeframes. Historically, MISO has regulation reserve 
and contingency reserve to cover the real-time uncertainty and 
loss of generation in 4-sec to 5 minutes and 10 minutes time 
frames respectively. More recently, MISO implemented 10-min 
ramp capability products and 30-min short term reserve (STR). 
It becomes increasingly important to appropriately determine 
reserve product requirements. This paper focuses on the 
uncertainty component requirement of ramp capability product 
and introduces methods to enhance uncertainty management 
through improved requirement procurement. A systematic 
method is developed to generate clusters and samples from 
historical real-time market cases. A close-to-production real-time 
market rolling simulation tool is built to simulate the sample 
cases. A cost-benefit quantification framework is developed to 
select the optimal requirement in Normal and High Uncertainty 
conditions. Simulation results show system reliability is 
improved, and the annual production cost is estimated to be 
reduced by half million dollars with the recommended dynamic 
requirements. 

Index Terms—Ancillary services, dynamic reserve, market 
design, system reliability, flexibility. 

I. INTRODUCTION  

In addition to the increase in renewable generation, extreme 
weather can significantly increase the system uncertainty and 
impose challenges to operation reliability. In December 2022, 
winter storm Elliot brought extreme cold temperatures that led 
to wide-spread electric generation outages coinciding with 
winter peak electricity demands, resulting in many U.S. RTOs 
declaring energy emergencies [1-4]. Managing increasing 
uncertainty and maintaining reliable power system operation is 
a very challenging problem. It has motivated numerous efforts 
to provide candidate solutions with different problem 
formulations. 

A stochastic optimization formulation, such as a recent 
work presented in [5], allows stochastic scenarios and reserve 
to be co-optimized, enabling the solutions to be robust for 

different operating scenarios, and the need for an empirical 
reserve requirement is eliminated. However, the quality of the 
stochastic scenarios is unknown, and a stochastic optimization 
is computationally more expensive. Therefore, it has not been 
widely adopted in the electricity market.  

Benchmarked with a stochastic unit commitment model, [6] 
illustrates that the ramp reserve can improve market efficiency, 
but a logical and proper tuning of the requirement is important 
to such success. Different reserve allocation models based on a 
deterministic estimation on the reserve requirement are 
proposed in [7]. An extended DC-Optimal Power Flow (DC-
OPF) formulation is provided to explicitly represent ramping 
requirements that arise from the combined variability of the 
load and intermittent resources [8]. In addition to the variability 
portion studied, [9] proposes methods to procure ramp reserves 
with uncertainties that are captured through historical 
distributions from different sources such as renewable 
generation and generation outages.  

The cost of reserve requirement with quantified uncertainty 
has been studied with probabilistic constraints. The cost of wind 
generation uncertainty is quantified as expected energy not 
supplied (EENS) using the probability distribution of the wind 
generation uncertainty [10]. A parametric analysis derives 
insights into the relationship between minimal generation cost 
and the ramp product requirements in a risk-limiting economic 
dispatch problem [11]. An adjustable chance constraints 
formulation is proposed to achieve reasonable trade-off 
between operational risks and reserve costs [12]. One challenge 
of the probabilistic constraint model is that it cannot be directly 
computed by existing commercial solvers. An equivalent 
tractable transformation is necessary, and it can be complicated 
to implement. 

Another approach to determine the reserve requirement is 
based on the analysis of the historical uncertainty distribution. 
A linear mapping between a risk factor that is defined based on 
the net load forecast error and non-spin reserve requirement is 
presented in [13]. A Monte Carlo simulation-based 
optimization is used to determine the proper level of ramp 
uncertainty and corresponding to the ramp requirement [14]. 
Similarly, standard deviation and the mean value of the 
historical net load variation are used to determine ramp reserve 
requirements in [15]. A probabilistic method is proposed to 
quantify ramp reserve requirement based on the historical 
ramping data in [16].  
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As part of MISO’s centralized uncertainty platform effort, 
MISO adopted the methods in [17] to quantify net uncertainty 
from historical operational data. With the uncertainty 
distribution directly obtained from the historical data, 
assumptions on the uncertainty distribution can be avoided. 
Reserve requirements with different confidence levels can be 
directly given by the actual historical distribution. 

In this paper, based on the quantified historical ramp 
uncertainty, we propose a cost-benefit analysis framework to 
determine the optimal requirement with a focus on the ramp 
capability reserve. The key research problem this paper 
addresses is how to determine ramp reserve requirement based 
on the trade-off between the cost of procured reserve and the 
benefit of production cost savings when the uncertainty 
materializes. The contributions of this work are summarized as 
follows. First, a holistic simulation-based framework is 
developed for reserve requirement optimization. A sequence of 
quantitative methods including k-means for the uncertainty-
distribution based sample set preprocessing and requirement 
adjustments are systematically designed to optimize the choice 
of reserve requirement.  Second, a high-fidelity production-
grade real-time market simulation tool is developed. Third, case 
studies are performed using MISO system historical cases, and 
the results provide a realistic reference on uncertainty 
management in a system with significant and growing 
renewable penetrations. Although this work is focused on a 
ramp product, the framework and methods can be easily 
generalized for different types of reserves.     

The rest of this paper is organized as follows. Section II 
presents the methodologies used to quantify historical ramp 
uncertainties. The definition of Normal/High Uncertainty 
condition and K-means sampling and weighting method is 
presented in Section III. The production engine based real-time 
market simulation tool is introduced in section IV. Simulation 
and results analysis are provided in section V. Section VI 
concludes the paper. 

II. MISO RAMP CAPABILITY RESERVE PRODUCT AND 

RAMP UNCERTAINTY QUANTIFICATION  

Both MISO and California ISO (CAISO) have implemented 
ramp capability (RC) products in the energy and operating 
reserves markets. Different from other reserve products, ramp 
capability reserve is defined primarily to address the increasing 
uncertainty in the market operation [18],[19]. The goal of the 
ramp reserve design is to schedule additional amounts of 
flexible capacity and, ultimately, to incentivize investment in 
flexible generation. One characteristic of the RC reserve is that 
it is defined to designate capacity in the current market 
optimization interval to meet higher or lower than expected and 
unexpected net load in the subsequent intervals. Therefore, the 
units cleared for RC reserve are pre-positioned to be prepared 
for the upcoming changes in future. From the system operator 
point of view, procuring RC in a real-time market interval is 
equivalent to purchasing insurance to hedge against the 
uncertainty in the future interval. From generators who can 
provide the RC reserve, clearing of RC incurs opportunity cost 
which can be compensated by the RC price. The RC product 
can be defined in both up and down direction, in this paper we 
focus our discussion on the ramp capability up reserve. 

Ramp capability reserve in MISO is defined as a system 
wide requirement, and it is designed to manage both the net load 
variations and uncertainties [18]. The variation component is 
designed to reflect the deterministic forecast of net load change 
in the subsequent interval, and the uncertainty component is 
designed to cover the deviation from the forecast. In MISO’s 
design, at each real-time market economic dispatch that is 
sequentially performed every five minutes, ramp capabilities 
would be secured ten minutes in advance. Details of the 
formulation of the ramp capability reserve product can be found 
in [18]. 

Ramp reserve requirements at different confidence levels 
can be directly generated from the historical ten minutes 
uncertainty distribution. Leveraging the cascading unit 
commitment (UC) and economic dispatch (ED) processes with 
historical data in MISO, the aggregated net uncertainty 
including uncertainties from load, generation, renewable, Net 
Scheduled Interchange (NSI), can be acquired from the 
differences between the forecast in an earlier process and the 
forecast or realization in a later process. In this work, the 
methods developed in section III.A in [17] are applied to six 
years of production data to generate the 10-minute ramp 
uncertainty historical distribution. To reflect the seasonal and 
hourly variations, the reserve requirements of each confidence 
level is generated at hourly basis for each season.  

III. K-MEANS BASED SAMPLING AND WEIGHTING METHOD 

To study the cost of ramp reserve requirements at different 
confidence levels, a real-time market simulation, that is 
introduced in section IV, needs to be performed. Due to the time 
and resource limits, a small set of historical market cases need 
to be selected for simulation. To select sample cases and 
calculate weightings, a systematic method is developed and 
presented in this section. The goal is to balance the results 
across different historical system conditions and to avoid biases 
toward certain scenarios.  

A. Normal and High Uncertainty Conditions 

TABLE I. DEFINITION OF HIGH/NORMAL UNCERTAINTY CONDITIONS 

According to the current design in MISO’s dynamic ramp 
reserve, the most granular requirement change is hourly. 
Therefore, the market operation time of each sample is one 
hour, and it contains twelve 5-minute RT-SCED cases. The 
ramp uncertainty of each 5-minute RT-SCED can be calculated 
by method introduced in II.B. The ramp uncertainty of an hour 
is marked as the highest 5-minute RT-SCED ramp uncertainty 
within that hour. 

In consistent with MISO’s risk tolerance across different 
reserve products, 97% percentile of historical ramp distribution 
is defined as the Normal condition and the top 3% of the 
distribution is considered as High Uncertainty condition. Based 
on this criterion, the historical RT-market operating hours can 
be divided into two groups as shown in Table I. 

Conditions 
Hourly Maximum Ramp 

Uncertainty 
Number of 

Hours 

High Uncertainty >=97% of historical distribution 6606 

Normal <97% of historical distribution 49228 
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B. K-means Clusters and Weighting 

Only a limited number of hours can be simulated and 
thereby samples need to be carefully selected to represent full 
spectrum of the impact from ramp reserve requirements to the 
market. It is noted that high ramp uncertainty does not 
necessarily lead to a tight system operating condition which can 
also been affected by the availability of flexible capacity in the 
system. Therefore, the same ramp requirement may result in 
very different market outcomes even within the same 
uncertainty condition group introduced in Table I. 

Figure 1.  Normal Clusters. 

The energy component (EC) of the Location Marginal Price 
(LMP) that is the Lagrange Multiplier of the energy balance 
constraints in each RT-SCED case, can serve as a good 
representation of the system operating condition. Therefore, 
each historical real-time market hour can be marked with the 
maximum EC-LMP of the 5-minute RT-SCED solution within 
that hour.  K-means method can then be applied using the single 
feature EC-LMP to create clusters for each of the two groups in 
Table I. Ten clusters are generated for each group and shown in 
Fig. 1 and Fig. 2. The x-axis is marked with the range of EC- 
LMP for all clusters that are shown as the bars in different 
colors. The height of each bar is marked on y-axis indicating 
the frequency/size of the cluster. One sample hour is selected 
from each cluster. The weight of sample/cluster 𝑛 is calculated: 

𝑊௡ =
|𝐶𝑙𝑢𝑠𝑡𝑒𝑟௡|

∑ |𝐶𝑙𝑢𝑠𝑡𝑒𝑟௡|௡∈𝒩

, ∀𝑛 ∈ 𝒩.                  (1) 

Figure 2.  High Uncertainty Clusters. 

Shown by the frequency of each cluster in both Fig. 1 and 
Fig. 2, the system price is relatively low in majority of time. 
Cluster at lower EC-LMP have much more weights in the 
Normal condition group in Fig. 1 compared to the High 

Uncertainty group in Fig 2. In addition, the clusters at lower 
EC-LMP still have more weight compared to the clusters with 
higher EC-LMP even in the High Uncertainty group shown in 
Fig.2. That indicates the system condition is not tight most of 
the time even with a high ramp uncertainty.  

IV. HIGH FIDELITY AUTOMATED RT-SCED ROLLING 

SIMULATION 

There are twelve 5-minute RT-SCED cases in each of the 
sample hour. MISO’s RT-SCED engine solves single interval 
standalone market optimization, taking the starting point of 
generators and transmission flows from the projection of the 
state estimation (SE). In the rolling simulation, the generator 
and the active power part of transmission starting points are 
updated from the previous solutions instead of SE. It is assumed 
all generators following MISO’s dispatch signals exactly and 
the reactive power changes do not dramatically change the flow 
and the set of binding transmission constraints in the RT-SCED 
remains the same in the simulation. The pre-process and case 
preparation to achieve the rolling simulation is written in 
Python 3.11. Using a server with 16 vCPUs and 64 GB RAM, 
it takes on average 1 minute to prepare a single RT-SCED case 
ready for a rolling simulation. It is noted that transmission flow 
update involves manipulation of a large volume of data and files 
and a parallel processing module is developed in this work to 
reduce the process time to on average 40 seconds.  

To show the accurate cost-benefit from the reserve 
requirement changes, four major components are included in 
the calculation of the production cost from the objective 
function of each RT-SCED. They are energy and reserve offer 
cost from generators, the system violation penalty cost and 
reserve scarcity cost. MISO’s RT-SCED demand curve is used 
to calculate the reserve scarcity cost. 

V. SIMULATION RESULTS AND DISCUSSION 

Based on the distribution of the historical ramp uncertainty 
discussed in section II, RC requirements with different 
confidence levels of each hour in every season can be obtained. 
In this study, RC requirements at 14 different confidence levels 
range from 86% to 99% are simulated with each sample hour. 
One sample is selected from each of the 10 clusters from each 
of the Normal and High Uncertainty groups. The total runtime 
to complete all the simulations for this study is about 120 hours. 
The ramp requirement framework proposed in this paper is 
designed to be performed offline and it can be repeated at a 
cadence based on how often the historical uncertainty 
distribution significantly changes with the newly added 
production data.  

A. Simulation Results of Individual Samples 

In the base case study, the production cases of the selected 
sample are resolved in the RT-SCED rolling simulation using 
the current production RC requirement value. The uncertainty 
component of the current RC requirement is a static value 
derived to represent 86% confidence level of all hours and 
seasons in the historical distribution.  

The total RC up requirements of sample #1 are shown in 
Figure 3. Notice that this is the total RC up requirement that 
includes both the variability and uncertainty components.  
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Compared to the base case RC up requirements shown in red 
triangles and labeled as ‘Current RC Requirement,’ it is 
observed that the requirement with 86% and 87% confidence 
level are lower than the current static value. That is due to the 
hourly and seasonal variations in the proposed ramp uncertainty 
requirement. 

Figure 3.  Total RC Up Requirment, Sample 1. 

The system EC-LMP of sample #1 is shown in Figure 4. It 
can be observed that the higher RC up requirement may 
moderately increase the price when the base case price is low, 
but it can significantly reduce the price spikes. Compared to the 
18:20 base case price spike, it is observed that 94% confidence 
level reduces the price the most. The price changes for sample 
1 in Fig. 4 are mainly driven by the generation and reserve 
costs. This example shows an appropriate RC requirement 
which can effectively pre-position the unit and save system 
operation cost.  

Figure 4.  Energy Component LMP, Sample 1. 

The increased RC up requirement can also reduce shortages 
in other reserve products. Results of sample hour 2 are shown 
in Figure 5. The regulation reserve, which is the 5-minute 
reserve product at MISO, runs into shortages in two consecutive 
intervals at 06:45 and 06:50 in base case shown as the solid red 
line. It is observed that RC up requirements that are higher than 
93% confidence level reduce the regulation reserve shortages.  

Figure 5.  Regulation Reserve Shortage, Sample 2. 

B. Production Cost Comparison 

In the last subsection, the impact of different levels of RC 
Up requirement on RT-SCED is shown in a few examples. All 

the impacts are translated into production cost as introduced in 
section IV. In this section, the impact of different RC 
requirement to the hourly production cost is compared. 

Figure 6.  Production Cost Comparison of High Uncertainty Sample 0,1,2. 

For a concise illustration, the hourly results of 3 out of 10 
total samples in the High Uncertainty condition are shown in 
Fig. 6. The weight of each sample is shown in the label. The 
production costs of each sample hour with different Ramp Up 
Requirement that is marked on x-axis are compared to the base 
case and only the difference is shown on the y-axis. A positive 
number shows a cost increase and a negative number indicates 
a reduction. It is observed that minimum production cost for 
sample 1 is 94% confidence level. The minimum production 
cost for sample 2 is at the 97% confidence level.  

Sample 0 is selected from the biggest cluster in the High 
Uncertainty Condition shown in Fig. 2 thereby has the highest 
weight. A flat line indicates that in more than half of the time in 
High Uncertainty group, the system is sufficient with ramp 
capacity such that different RC up requirement does not make 
any difference even with a very high ramp uncertainty. 
Different RC requirements have a larger impact on the 
production cost in Sample 1 and Sample 2. However, their 
small weights indicate the operating conditions with price 
spikes or significant reg shortages are rare. 

C. Weighted Production Cost Comparison 

Hourly production costs from all different samples are 
summed with their weights for both normal and high 
uncertainty conditions with results shown in Fig. 7.  For normal 
hours, it can be observed that the weighted production cost is 
increasing with higher ramp up requirements.  During normal 
hours, when the chance of extreme events is low, the procured 
reserve is deployed less often. Therefore, a higher requirement 
increases the overall system production cost. The lowest 
production cost occurs with the lowest requirement at 86% 
confidence level. Compared to the base case RC requirement, 
which is a static value at 86% of historical distribution on all 
hours, the simulated requirement at 86% confidence level that 
varies by hour and season can reduce the production cost by a 
small amount. In high uncertainty conditions, there are more 
extreme events, and the benefits of a higher RC up requirement 
materialize more often and that outweighs the cost of the 
procurements. The weighted production cost reaches the 
minimum with RC up requirement at 96% confidence level. An 
even higher RC up requirement would further increase 
procurement costs, but the benefit does not materialize enough 
and make it a less economic choice.  
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The weighted results in Fig. 7 show recommendations 
balance different system conditions represented by different 
samples. Based on the results in Fig. 7, the RC up requirement 
(uncertainty component) recommendation for Normal and High 
Uncertainty conditions are 86% and 96% of the historical ramp 
uncertainty distribution respectively. Using the ratio of number 
of hours between normal and high uncertainty hours in Table I, 
the estimated annual production cost saving with the 
recommended RC requirement is $509,832.  

Figure 7.  Weighted Production Cost Comparison. 

It is noted that operational knowledge is applied to screen 
the sample case selection after the k-means method and that 
process is necessary to guarantee the high quality of the sample 
and the robustness of the study. A small sensitivity test is 
performed on k value in k-means method and results are robust 
to a different k value. It is noted that a larger k would generate 
more clusters and samples and therefore increases the accuracy 
of the sample representation. In this work, k=10 is selected 
given the project timeline and internal resources limit.     

VI. CONCLUSION AND FUTURE WORK 

In this paper, a production-grade simulation-based 
framework is developed for reserve requirement optimization. 
Based on the current historical ramp uncertainty quantification 
data, the RC up requirement that minimizes the weighted 
system production costs are recommended for Normal and 
High uncertainty conditions separately. MISO is currently 
developing processes to dynamically switch between Normal 
and High Uncertainty RC up requirements based on the 
assessment on the system condition during market operations.  

It is noted that MISO solves single interval real-time 
dispatch markets with a ramp reserve product looking ahead for 
10 minutes [18]. This paper shows the value of ramp 
requirement optimization. However, due to the short look ahead 
window, the improvement can be limited in higher uncertainty 
levels due to the growing renewable penetration. Other pre-
position options such as enhanced uncertainty reserve designs 
and look-ahead dispatch market need to be explicitly explored 
to provide strategic recommendations on uncertainty 
management in the energy market. 

VII. ACKNOWLEDGEMENT 

The authors would like to thank the support and valuable 
discussions with Sen Li, Shu Xu, Long Zhao and DL Oates. 

 

REFERENCES 
[1] FERC and NERC. (2023). Winter Storm Elliott Report: Inquiry into 

Bulk-Power System Operations During December 2022. [Online]. 
Available: https://www.ferc.gov/media/winter-storm-elliott-report-
inquiry-bulk-power-system-operations-during-december-2022 

[2] ERCOT. (2023). Winter Storm Elliott Public Report. [Online]. 
Available: https://www.ercot.com/files/docs/2023/03/27/December-
2022-Cold-Weather-Operations-Public-Report.pdf 

[3] PJM. (2023). Winter Storm Elliott Event Analysis and Recommendation 
Report. [Online]. Available: https://www.pjm.com/-
/media/library/reports-notices/special-reports/2023/20230717-winter-
storm-elliott-event-analysis-and-recommendation-report.ashx 

[4] MISO. (2023). Overview of Winter Storm Elliott December 23, 
Maximum Generation Event. [Online]. Available: 
https://cdn.misoenergy.org/20230117%20RSC%20Item%2005%20Win
ter%20Storm%20Elliott%20Preliminary%20Report627535.pdf 

[5] J. Shi, Y. Guo, L. Tong, W. Wu and H. Sun, "A Scenario-Oriented 
Approach to Energy-Reserve Joint Procurement and Pricing," in IEEE 
Transactions on Power Systems, vol. 38, no. 1, pp. 411-426, Jan. 2023 

[6] B. Wang and B. F. Hobbs, "Real-Time Markets for Flexiramp: A 
Stochastic Unit Commitment-Based Analysis," in IEEE Transactions on 
Power Systems, vol. 31, no. 2, pp. 846-860, March 2016. 

[7] V. Jónsdóttir, L. Söder and L. Nordström, "Impact from Different 
Reserve Allocation Strategies in Hydropower Systems," 2025 21st 
International Conference on the European Energy Market (EEM), 
Lisbon, Portugal, 2025, pp. 1-6. 

[8] G. Tricarico, M. Dicorato, G. Forte and F. Gonzalez-Longatt, 
"Contributions to Tertiary Reserve Requirements under Operating 
Conditions and Uncertainties," 2022 18th International Conference on 
the European Energy Market (EEM), Ljubljana, Slovenia, 2022, pp. 1-6. 

[9] Y. Degeilh, F. Cadoux, N. Navid and G. Gross, "Economic assessment 
of the explicit representation of ramping requirements on conventional 
generators in systems with integrated intermittent resources," 2012 IEEE 
Power and Energy Society General Meeting, San Diego, CA, USA, 
2012, pp. 1-5. 

[10] N. Chaiyabut and P. Damrongkulkumjorn, "Optimal spinning reserve for 
wind power uncertainty by unit commitment with EENS 
constraint," ISGT 2014, Washington, DC, USA, 2014, pp. 1-5. 

[11] C. Wu, G. Hug and S. Kar, "Risk-Limiting Economic Dispatch for 
Electricity Markets With Flexible Ramping Products," in IEEE 
Transactions on Power Systems, vol. 31, no. 3, pp. 1990-2003, May 
2016. 

[12] Z. Wang, C. Shen, F. Liu, J. Wang and X. Wu, "An Adjustable Chance-
Constrained Approach for Flexible Ramping Capacity Allocation," 
in IEEE Transactions on Sustainable Energy, vol. 9, no. 4, pp. 1798-
1811, Oct. 2018. 

[13] N. Rajbhandari, Weifeng Li, Pengwei Du, S. Sharma and B. Blevins, 
"Analysis of net-load forecast error and new methodology to determine 
Non-Spin Reserve Service requirement," 2016 IEEE Power and Energy 
Society General Meeting (PESGM), Boston, MA, 2016, pp. 1-5. 

[14] C. Wang, P. Bao-Sen Luh and N. Navid, "Ramp Requirement Design for 
Reliable and Efficient Integration of Renewable Energy," in IEEE 
Transactions on Power Systems, vol. 32, no. 1, pp. 562-571, Jan. 2017. 

[15] I. G. Marneris, P. N. Biskas and E. A. Bakirtzis, "An Integrated 
Scheduling Approach to Underpin Flexibility in European Power 
Systems," in IEEE Transactions on Sustainable Energy, vol. 7, no. 2, pp. 
647-657. 

[16] I. G. Marneris and P. N. Biskas, "Optimal scheduling of Flexible 
Ramping Capacity in short-term electricity markets," 2016 Power 
Systems Computation Conference (PSCC), Genoa, Italy, 2016, pp. 1-7. 

[17] Y. Chen, "Addressing Uncertainties Through Improved Reserve Product 
Design," in IEEE Transactions on Power Systems, vol. 38, no. 4, pp. 
3911-3923, July 2023. 

[18] N. Navid and G. Rosenwald, “Ramp capability product design for MISO 
markets,” White paper, Jul. 2013. 

[19] L. Xu and D. Tretheway, “Flexible ramping products: Revised draft final 
proposal,” Aug. 2012, [Online]. Available: 
https://www.caiso.com/Documents/SecondRevisedDraftFinalProposal-
FlexibleRamping Product.pdf 

 
 

 

979-8-3315-8138-1




