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 a b s t r a c t

Drawing on existing market designs with independent resource participation in electricity markets, this study 
analyzes participation models for hybrid resources combining renewable generation and storage. Two models 
are considered: in the first, the components operate independently, with the Independent System Operator (ISO) 
managing the storage state of charge (SoC); in the second, the hybrid resource acts as an integrated unit, submit-
ting offers as a “black box” and managing its SoC internally. Using a production cost model for the zonal New York 
Bulk Power System, we evaluate trade-offs in system reliability, market efficiency, and asset profitability. Our 
results provide several key insights for policymakers, showing that the ISO-managed granular model enhances 
social welfare through explicit SoC management, while the simpler integrated model is more computationally 
efficient, but may cause more real-time violations and lower overall profits.

1.  Introduction

The traditional electric power system is based on a supply-follows-
demand model, with electricity flowing in one direction from central-
ized power plants to consumers [1]. However, over the past decade, 
the grid has undergone major changes due to the rapid growth of vari-
able renewable energy, ambitious decarbonization goals, rising electric-
ity demand, and accelerated adoption of new technologies. These struc-
tural shifts have made it increasingly challenging for system operators 
to maintain the supply-demand balance [2,3]. Specifically, the limited 
adaptability of demand to cheaper but variable renewable generation, 
combined with the unpredictability and limited controllability of renew-
able supply, underscores the growing need for flexibility on both the 
demand and supply. Hybrid energy resources, as a mixture of multiple 
generating technologies in a single power plant, have the technical flex-
ibility to provide essential grid services, support system reliability, and 
ensure the stability of the power system [4]. These capabilities, together 
with recent regulatory and policy developments that enable emerging 
technologies to participate in wholesale electricity markets on a level 
playing field with conventional generators - such as FERC Orders 841, 
2222, and 2023 [5–7] - are further accelerating their participation in 
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grid operations. In particular, FERC Order No. 2023 requires transmis-
sion providers to permit the co-location of multiple generation technolo-
gies behind a single point of interconnection. Moreover, recent studies 
indicate that hybrid plants made up 46% of the total generation capac-
ity in interconnection queues in 2024, with photovoltaic (PV) and energy 
storage resources (ESR) being the most common configuration [8]. De-
spite their potential to increase system flexibility and reduce renewable 
energy curtailments, the operation and regulation of hybrid resources 
remain complex. Their integration poses unique challenges within ex-
isting market structures. As a result, several Independent System Op-
erators (ISOs) and Regional Transmission Organizations (RTOs) are re-
evaluating participation rules to enable efficient dispatch and accurate 
representation of these emerging technologies in the market-clearing 
structure.

Although the independent participation of variable renewable en-
ergy resources (VERs) and ESRs has been widely studied, the literature 
remains limited in its comparison of the regulatory landscape and par-
ticipation models for combined hybrid resources, and in providing com-
prehensive analyses of the economic benefits of operating these systems 
under different rules. Among the few relevant studies, Ref. [9] is perhaps 
most closely aligned with our work, employing a stylized framework to 
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analyze the game-theoretic behavior of hybrid resources under alter-
native market participation models. While offering valuable conceptual 
insights, this approach does not incorporate key elements of state-of-
the-art market clearing, such as a unit commitment stage, transmission 
network representation, realistic supply-demand mixes, or increasing 
VER penetration. As a result, its findings cannot be readily generalized 
to large-scale power systems for deriving regulatory insights.

This paper addresses these shortcomings by presenting a large-scale, 
multi-stage, multi-cycle case study of the zonal New York Bulk Power 
System. The objective is to assess the participation of hybrid energy re-
sources and to quantify associated economic and reliability metrics. The 
analysis focuses on resource participation in day-ahead energy markets, 
incorporating a real-time balancing mechanism to ensure that the im-
pacts of forecast errors from load and VERs are realistically reflected in 
the results. The main contributions of this work are as follows:

• Participation model evaluation: We compare hybrid energy resource 
participation under an ISO-managed co-located model with indepen-
dent resource participation and a self-managed hybrid model with 
integrated resource participation, to assess their roles in a large-scale 
power system.

• Modeling and software enhancements: The work incorporates soft-
ware adaptations to enable market simulations and represent hy-
brid resource participation in wholesale electricity markets using a 
commercial-grade production cost modeling tool.

• Comprehensive scenario analysis: We simulate the model across multi-
ple dimensions, including existing and high VER penetration, vary-
ing hybrid resource deployment levels, low and high peak demand 
periods, operational restrictions on grid charging, sensitivity to hy-
brid resource parameters, and different participation models.

• Multi-perspective performance assessment: Scenario results are evalu-
ated from both the system operator and resource owner perspec-
tives. The analysis highlights that system reliability and economic ef-
ficiency are more closely linked to the ISO-managed model, while dy-
namic system performance is more associated with the self-managed 
model.

The rest of this paper is organized as follows. Section 2 discusses 
the two market participation models, while Section 3 describes the New 
York ISO grid representation. Case study and results are provided in 
Sections 4 and 5, respectively. Finally, Section 6 concludes the work.

2.  Electricity market participation

2.1.  Model formulation

This section models the market participation of hybrid energy re-
sources and their individual components, including stand-alone VERs 
and ESRs. Understanding how these resources are currently integrated 
into electricity market clearing processes provides critical insight into 
the operational challenges of hybrid configurations and the modifica-
tions required in existing market models to support them. Participation 
models vary in complexity and operational responsibility, depending on 
hybrid configurations and external factors such as implementation costs, 
prioritization, and computational constraints. A range of participation 
models could therefore be supported by system operators, while asset 
owners may choose the model that best aligns with their objectives, 
subject to system requirements. Although this study outlines the quali-
tative and quantitative trade-offs among various modeling approaches, 
it does not endorse a specific option.

2.1.1.  2R ISO-Managed co-located model (ISO-M)
In this model, each component of the hybrid resource participates 

independently in the market using an existing participation framework 
that reflects its operational characteristics, as shown in Fig. 1(a). More-
over, the system operator is responsible for optimizing the market dis-
patch, including the SoC of the energy storage component, and ensuring 

Fig. 1. Hybrid energy resource market participation models.

dispatch feasibility and overall system reliability. For each VER 𝑣, the 
power dispatch, upward reserve schedule, and downward reserve sched-
ule at time 𝑡 is denoted by 𝑃𝑣,𝑡, 𝑅𝑟+

𝑣,𝑡, 𝑅
𝑟−
𝑣,𝑡, subject to constraints, as: 

𝑃𝑣,𝑡 +
∑

𝑟+∈𝑅+ 𝑅𝑟+
𝑣,𝑡 ≤ 𝑃 𝑓𝑜𝑟𝑒𝑐𝑎𝑠𝑡

𝑣 , 𝑡 ∈  , 𝑣 ∈  (1a)

𝑃𝑣,𝑡 −
∑

𝑟−∈𝑅− 𝑅𝑟−
𝑣,𝑡 ≥ 0, 𝑡 ∈  , 𝑣 ∈  (1b)

𝑅𝑟+
𝑣,𝑡 ≥ 𝑅𝑟%,+

𝑣 𝑃𝑚𝑎𝑥
𝑣 , 𝑡 ∈  , 𝑣 ∈  , 𝑟+ ∈ + (1c)

𝑅𝑟−
𝑣,𝑡 ≥ 𝑅𝑟%,−

𝑣 𝑃𝑚𝑎𝑥
𝑣 , 𝑡 ∈  , 𝑣 ∈  , 𝑟− ∈ − (1d)

Here +,− denotes the set of upward and downward reserve cate-
gories, e.g., spinning reserve, regulation reserve, etc.,  denotes the VER 
set, and   denotes the set of time intervals. 𝑅𝑟%,+

𝑣 , 𝑅𝑟%,−
𝑣  represents the 

reserve requirement as a fraction of the maximum power output limit 
denoted by 𝑃max

𝑣 . 𝑃 𝑓𝑜𝑟𝑒𝑐𝑎𝑠𝑡
𝑣  represents the power forecast for the VER. 

Eqs. (1a) and (1b) constrains the net power output, and Eqs. (1c) and
(1d) restrict the reserve schedule of VERs.

Similarly, for each ESR 𝑒, we denote the discharge (charge) power 
at time 𝑡 as 𝑃 𝑑

𝑒,𝑡(𝑃
𝑐
𝑒,𝑡), respectively. 𝑅𝑟+

𝑒,𝑡 , 𝑅
𝑟−
𝑒,𝑡 represents the upward and 

downward reserve schedule at time 𝑡, such that, 
𝑃 𝑑
𝑒,𝑡 − 𝑃 𝑐

𝑒,𝑡 +
∑

𝑟+∈𝑅+ 𝑅𝑟+
𝑣,𝑡 ≤ 𝑀𝑎𝑥𝑑𝑒 , 𝑡 ∈  , 𝑒 ∈  (2a)

𝑃 𝑑
𝑒,𝑡−𝑃

𝑐
𝑒,𝑡 −

∑

𝑟−∈𝑅−𝑅
𝑟−
𝑣,𝑡 ≥−𝑀𝑎𝑥𝑐𝑒 , 𝑡 ∈  , 𝑒 ∈  (2b)

𝑃 𝑑
𝑒,𝑡 ≥ 0, 𝑃 𝑐

𝑒,𝑡 ≥ 0, 𝑅𝑟+
𝑒,𝑡 ≥ 0, 𝑅𝑟−

𝑒,𝑡 ≥ 0 (2c)

Here 𝑀𝑎𝑥𝑑𝑒 ,𝑀𝑎𝑥𝑐𝑒 represents the maximum discharge and charge limit 
of energy storage 𝑒 ∈  . Eqs. (2a) and (2b) constrain the maximum dis-
charge and charge power dispatch of ESR, respectively. The initial stored 
energy level is: 
𝑆𝑂𝐶𝑒,0 = 𝑆𝑆𝑂𝐶𝑒, 𝑒 ∈  (3)

such that the SoC of each ESR 𝑒 at the end of time 𝑡 ∈  , denoted by 
𝑆𝑂𝐶𝑒,𝑡 ≥ 0, follows: 

𝑆𝑂𝐶𝑒,𝑡 = 𝑆𝑂𝐶𝑒,𝑡−1 −
1
𝜂𝑑𝑒

𝑃 𝑑
𝑒,𝑡 + 𝜂𝑐𝑒𝑃

𝑐
𝑒,𝑡, 𝑡 ∈  , 𝑒 ∈  (4a)

𝑆𝑂𝐶𝑒,𝑇 = 𝑇𝑆𝑂𝐶𝑒, 𝑒 ∈  (4b)

where 𝜂𝑑𝑒 , 𝜂𝑐𝑒 denotes the discharge and charge efficiency, respec-
tively. 𝑆𝑆𝑂𝐶𝑒 and 𝑇𝑆𝑂𝐶𝑒 represent the initial and target SoC, i.e., 
𝑆𝑂𝐶𝑒,0, 𝑆𝑂𝐶𝑒,𝑇  of an ESR, respectively. Finally, the SoC of ESR is subject 
to limits, given by: 

𝑆𝑂𝐶𝑒,𝑡+𝜂𝑐𝑒
∑

𝑟−∈𝑅−𝑅
𝑟−
𝑒𝑠𝑟,𝑡 ≤ 𝑆𝑂𝐶𝑚𝑎𝑥

𝑒 , 𝑡 ∈  , 𝑒 ∈  (5a)

𝑆𝑂𝐶𝑒,𝑡−
1
𝜂𝑑𝑒

∑

𝑟+∈𝑅+ 𝑅𝑟+
𝑒𝑠𝑟,𝑡 ≥ 𝑆𝑂𝐶𝑚𝑖𝑛

𝑒 , 𝑡 ∈  , 𝑒 ∈  (5b)

where 𝑆𝑂𝐶max
𝑒𝑠𝑟  and 𝑆𝑂𝐶min

𝑒𝑠𝑟  represent the maximum and minimum SoC 
limits, respectively. Eqs. (5a) and (5b) ensures that ESR has the ca-
pacity for any reserve requirements. However, the combined output is 
constrained by the interconnection limit or the capacity of the shared 
AC/DC inverter, such that 
𝑃𝑣,𝑡 +

∑

𝑟+∈𝑅+
𝑅𝑟+
𝑣,𝑡 + 𝑃 𝑑

𝑒,𝑡 − 𝑃 𝑐
𝑒,𝑡 +

∑

𝑟+∈𝑅+
𝑅𝑟+
𝑒,𝑡 ≤ 𝐹 𝑙,𝑡 (6a)
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Fig. 2. Bid strategy methodology overview [10,11]. Stochastic optimization model representing hybrid resource participation in day-ahead markets, generating 
hourly price-quantity bids under uncertain renewable output and ISO-managed model prices. The price-taker formulation maximizes expected profit while managing 
risk through scenario-based uncertainty.

𝑃𝑣,𝑡 −
∑

𝑟−∈𝑅−
𝑅𝑟−
𝑣,𝑡 + 𝑃 𝑑

𝑒,𝑡 − 𝑃 𝑐
𝑒,𝑡 −

∑

𝑟−∈𝑅−
𝑅𝑟−
𝑒,𝑡 ≥ −𝐹 𝑙,𝑡 (6b)

where 𝐹 𝑙 and 𝐹 𝑙 represent the upper and lower interconnection (or in-
verter) limits, and 𝑙 ∈  denotes the set of transmission line constraints.

2.1.2.  1R Self-managed hybrid model (Self-M)
In this model, the hybrid energy resource participates as a single, 

integrated entity by submitting a set of bid or offer curves that re-
flect its willingness to buy and sell energy in the market, as shown in 
Fig. 1(b). Unlike conventional generation resources, the integrated hy-
brid resource can also draw power from the grid to charge its storage 
component. The SoC of the energy storage system is managed inter-
nally by the resource operator. The market operator does not model the 
internal constraints of the constituent resources nor receive real-time 
telemetry data, which can lead to infeasible dispatch schedules. In such 
cases, the resource owner is responsible for ensuring the feasibility of 
dispatch and maintaining operational reliability.

For each integrated hybrid resource ℎ, we denote the discharge 
power, charge power, upward reserve schedule, and downward reserve 
schedule at time 𝑡 as 𝑃 𝑑

ℎ,𝑡, 𝑃 𝑐
ℎ,𝑡, 𝑅𝑟+

ℎ,𝑡, and 𝑅𝑟−
ℎ,𝑡, respectively. The dispatch 

of integrated hybrid resources is subject to capacity constraints and in-
terconnection limit or shared inverter capacity constraints, such that 
𝑃 𝑑
ℎ,𝑡−𝑃

𝑐
ℎ,𝑡+

∑

𝑟+∈𝑅+𝑅
𝑟+
ℎ,𝑡≤𝑀𝑎𝑥𝑑ℎ, 𝑡 ∈  , ℎ ∈  (7a)

𝑃 𝑑
ℎ,𝑡−𝑃

𝑐
ℎ,𝑡−

∑

𝑟−∈𝑅−𝑅
𝑟−
ℎ,𝑡≥−𝑀𝑎𝑥𝑐ℎ, 𝑡 ∈  , ℎ ∈  (7b)

− 𝐹 𝑙,𝑡 ≤ 𝑃 𝑑
ℎ,𝑡− 𝑃 𝑐

ℎ,𝑡 +
∑

𝑟+∈𝑅+
𝑅𝑟+
ℎ,𝑡

−
∑

𝑟−∈𝑅−
𝑅𝑟−
ℎ,𝑡 ≤ 𝐹 𝑙,𝑡, 𝑡 ∈  , ℎ ∈ , 𝑙 ∈  (7c)

where  denote the set of the integrated hybrid resources. 𝑀𝑎𝑥𝑑ℎ,𝑀𝑎𝑥𝑐ℎ
represents the maximum discharge and charge limit of integrated re-
source ℎ ∈ .

2.2.  Offer curve strategy for Self-M participation model

In the Self-M model, hybrid energy resources submit integrated bids 
or offer curves without revealing internal constraints to the market op-
erator. Unlike conventional generators (with fuel-based marginal costs) 
or VERs (typically bidding near zero), ESR bids depend on expectations
of future prices-making them more complex to model. This study used a 
stochastic optimization model to generate day-ahead bids or offer curves 
that reflect hybrid operator behavior under uncertainty, as shown in 
Fig. 2.

The optimization model, described in [10] and implemented as an 
open-source tool in [12], generates hourly price-quantity bids or offer 
curves with a limited number of non-decreasing marginal price steps, 
which are then input to the production cost model (PCM). In the stochas-
tic optimization model, the hybrid resource is modeled as a price-taker 
seeking to maximize expected operating profit while managing risk 
via scenario-based uncertainty in renewable generation and prices. The 
model uses a 48-hour horizon to better capture the opportunity cost of 
storage actions near the end of the day, even though only the first 24 
hours of bids are submitted.

Uncertainty in hybrid resource bidding was modeled using paired 
scenarios for renewable generation and day-ahead prices. Generation 
scenarios were derived by sampling from empirical forecast error dis-
tributions around day-ahead forecasts and reduced to 20 representative 
cases using the Fast Forward Selection algorithm [13]. A probability of 
0.8 was assigned to the forecast and 0.2 to the sampled scenarios.

Price scenarios for the hybrid resource’s expected profit-
maximization model were derived from a reference price signal 
obtained from prior ISO-M PCM simulations. These reference prices 
were simulated for an additional prior month to provide sufficient data 
for scenario generation. The prices served as a baseline around which 
statistical perturbations were applied to construct forecast scenarios. 
The scenarios are iteratively adjusted to achieve a weighted mean 
absolute error (WMAE) of approximately 5%, consistent with current 
forecasting standards [14,15]. A symmetric scenario tree paired each 
generation scenario with each price scenario, with joint probabilities 
determined by the generation scenario probabilities.

Within each scenario, the stochastic program co-optimizes renew-
able dispatch, storage charging and discharging, and state-of-charge 
evolution subject to efficiency losses, power limits, and intertemporal 
energy-balance constraints. The solution produces scenario-specific op-
erating schedules that reflect how a profit-maximizing hybrid operator 
would respond to uncertain prices and renewable output over the 48-
hour horizon. These schedules provide a high-resolution mapping be-
tween simulated market prices and optimal net injections (charge or 
discharge), but this raw output is not directly compatible with market 
bidding formats.

To construct implementable offers, the simulated operating points 
are post-processed into a limited number of bid segments using a Jenks 
natural-breaks clustering procedure. This method groups hours with 
similar behavior while minimizing within-segment variance, thereby 
reducing the stochastic solution to a small set of representative price-
quantity blocks. The clustering step serves as a dimensionality-reduction 
bridge between the detailed optimization model and ISO bidding re-
quirements, producing monotonic block offers that preserve the under-
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Table 1 
Values for selecting SoC-dependent bid or offer curve sets.
 Initial SoC (%)  2.5  12.5  30  50  70  87.5  97.5
 Band (%)  [0, 5]  (5, 20]  (20, 40]  (40, 60]  (60, 80]  (80, 95]  (95, 100]

Fig. 3. New York control area load zones [16].

lying operational value signal while satisfying market rules for non-
decreasing bid curves. The resulting hourly price-quantity blocks are 
submitted to the PCM as the hybrid resource’s day-ahead bids or offer 
curves, as illustrated in Fig. 2.

Since the ESR’s SoC is known or can be accurately estimated at 
the start of each day, but PCMs typically do not support multi-day co-
simulation of SoC and bidding logic, this study precomputed bids or of-
fer curves for a set of initial SoC levels. The PCM selects the appropriate 
bid or offer curve each day based on the previous day’s simulated end of 
day SoC, with bands defined to cover the full SoC range and narrower 
intervals near the extremes to avoid infeasible dispatches, as shown in 
Table 1.

3.  New York ISO grid representation

This study employs a zonal-level representation of the New York ISO 
system, rather than a nodal-level model. Transmission constraints are 
modeled through key interzonal interfaces, while intra-zonal network 
constraints are relaxed to reduce the complexity associated with nodal 
modeling. This approach helps prevent unintended infeasibilities or ar-
tificial congestion that could result from integrating hybrid resources 
without corresponding transmission upgrades. A visualization of the 
New York ISO zones can be seen in Fig. 3.

3.1.  Market operation

The market operations simulations reflect state-of-the-art practices 
in NY ISO and incorporate two distinct market timelines. Specifically, 
the planned multi-cycle simulation approach includes a day-ahead mar-
ket (DAM) and a real-time market (RTM), with forecast errors intro-
duced between the two to capture uncertainty and operational variabil-
ity.

3.1.1.  Day-ahead market
The day-ahead market model includes both unit commitment (DAS-

CUC) and economic dispatch (DASCED) functions. It commits long-lead-
time resources, schedules hybrid resources based on submitted offer 
strategies (when applicable), and operates using day-ahead forecasts. 
The scheduling framework employs a three-day optimization horizon: a 
24-h binding window and a 48-hour advisory or look-ahead window, all 
at a one-hour time resolution.

3.1.2.  Real-time market
Market operations typically involve both a real-time unit commit-

ment (RTSCUC) and a real-time economic dispatch (RTSCED) model. 
However, for the purposes of this study, a simplified real-time market 
structure is implemented using a single unit commitment and dispatch 
model with a one-hour optimization horizon and one-hour time resolu-
tion. This model enables the commitment of quick start resources and 
the re-dispatch of already committed units to address real-time imbal-
ances.

(Real-Time) Operational plans. This study focuses on the impacts of hy-
brid resource participation models in the DAM, isolating these effects 
from real-time re-optimization and ancillary service interactions. Real-
time operation is represented using two simplified plans derived from 
the day-ahead schedule:

• Storage Follow (SF): The storage component follows its DAM sched-
ule when its state of charge permits.

• Hybrid Balance (HB): The storage component adjusts as needed to 
meet the DAM schedule in the presence of VER forecast errors.

Both plans include load and VER forecast deviations between day-ahead 
and real-time, providing a directional assessment of participation im-
pacts. Full real-time bid updates and state-of-charge re-optimization are 
left for future work.

3.2.  Market simulation software tool

The analysis employs a state-of-the-art commercial PCM tool – Power 
System Optimizer (PSO) – developed and licensed by Polaris Systems 
Optimization [17]. Built on the AIMMS platform, PSO interfaces with 
industry-standard optimization solvers such as GUROBI and CPLEX. It 
is a multi-cycle, multi-timescale, steady-state power system operations 
simulation tool that incorporates advanced unit commitment (UC) and 
economic dispatch (ED) models. The PCM is designed to replicate actual 
system operations at high temporal resolution and offers the flexibility 
to represent a range of market and operational structures.

PSO also includes advanced participation models for several specific 
technologies, including combined-cycle units and pumped storage hy-
dropower. Its flexible modeling framework enables the simulation of 
both competitive electricity markets and vertically integrated systems. 
As a result, PSO is widely used for applications such as asset valuation 
under varying technology and resource mixes, operational and fuel price 
sensitivity analyses, renewable integration studies, profitability and an-
cillary service assessments, regional market design evaluation, and pol-
icy impact analysis.

In this study, PSO is used to evaluate the specific impacts of hybrid 
resource participation models from both system operator and market 
participant perspectives. Several modifications are made to the simu-
lation software to enable accurate representation of hybrid operations 
and market behavior. First, a modeling feature is added to allow SoC-
dependent bids or offer curves for hybrid plants in the day-ahead mar-
ket under the self-managed participation model. The software selects 
the appropriate offer curve set based on the observed initial SoC of the 
storage component. This allows for daily bid or offer updates, which are 
not typically supported in conventional production cost simulations.

The model also incorporates logic to utilize the SoC from the end of 
one day-ahead binding window to the next, ensuring continuity across 
scheduling cycles. A preferred violation sequence is implemented to 
guide the dispatch model based on hybrid physical limitations, prior-
itizing the violation of storage real-time operational plan before curtail-
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ing renewables, relaxing power balance, or breaching inverter and SoC 
constraints. Additional features are introduced to prevent simultaneous 
charging and discharging and to reset SoC appropriately across simula-
tion days.

4.  Case study

This section evaluates the impact of hybrid resource participation 
in energy markets on overall production cost, steady-state reliability, 
and resource revenue, using various proposed participation modeling 
options. The primary objective is to investigate the key differences that 
alternative market designs for hybrid resources introduce across crit-
ical metrics through modeling, simulation, and analysis, with a focus 
on their effects in the day-ahead and real-time energy markets. Each 
scenario is simulated over two distinct one-month periods to represent 
different NYISO system operating conditions: April, typically character-
ized by minimum instantaneous demand, and July, which generally re-
flects peak instantaneous demand. Simulations used a realistic NYISO 
dataset and followed existing operational procedures, applied both with 
and without hybrid storage resources participating under the proposed 
models.

4.1.  Base case description

We base our case study on the NYISO 2020 Load and Capacity Data 
Report (Gold Book) [18]. The system includes approximately 5433 MW 
of nuclear resources, 12,654 MW of combined cycle (CC) resources, 
11,945 MW of steam turbine (ST) resources, 5702 MW of combus-
tion turbine (CT) and internal combustion (IC) resources, 1409 MW of 
pumped storage hydropower (PSH), 4343 MW of conventional hydro, 
1985 MW of wind, 57 MW of utility-scale solar, 315 MW of distributed 
PV, and 41 MW of storage resources.

Nuclear resources are modeled as must-run, operating continuously 
except during refueling, maintenance, or forced outages based on histor-
ical data. Conventional hydroelectric generators are treated as energy-
constrained, with output limited by monthly water flow and optimized 
to minimize system production costs. Wind and solar resources are rep-
resented using hourly generation profiles. Fuel prices, including natural 
gas, are derived from historical data and assigned according to proxim-
ity to major trading hubs. Energy and ancillary services – regulation, 
10-minute spinning and non-spinning reserves, and 30-minute reserves 
– are co-optimized within the market model.1

The load data for NYISO utilizes historical 2012 load shapes, ad-
justed to align with the 2019 historical peak demand and annual energy 
consumption for each NYISO zone. For the selected simulation months, 
April and July, the corresponding peak system loads are approximately 
18,438 MW and 30,953 MW, respectively. Wind generation profiles are 
derived from NREL’s Wind Toolkit Dataset [19], representing the 2012 
weather year, and calibrated to match annual production levels reported 
in NYISO 2020 Load and Capacity Data Report [18]. Distributed PV gen-
eration in each NYISO zone is modeled using NREL’s PVWatts Calcula-
tor [20], with input weather data based on the largest metropolitan area 
within each zone. The resulting hourly PV generation profiles are scaled 
according to NYISO’s annual installed capacity forecast.

Behind-the-meter PV (BTMPV) nameplate capacity for each zone is 
obtained from the NYISO Load and Capacity Data Report [18], reflect-
ing expected energy reductions from BTMPV installations. Conventional 
hydropower resources are modeled at the plant level using 2019 data 
from ABB’s Velocity Suite. Interchange flows with neighboring regions 

1 While the market-clearing formulation co-optimizes energy and ancillary 
services for eligible resources, the hybrid resources in this study are modeled 
as energy-only participants and do not submit reserve offers. Accordingly, their 
reserve quantities are set to zero in the input data, and no reserve capability 
is enforced for these resources, even though reserve variables remain in the 
general system equations.

are based on 2019 historical NYISO data. Greenhouse gas policies are 
incorporated via emission allowance prices. To capture the economic 
value of storage-based energy arbitrage, daily natural gas price forecasts 
are included, improving representation of inter-day price variability and 
enhancing peak price modeling under gas price volatility.

4.2.  Case study scenario

The simulated case studies, developed in consultation with technical 
advisors and industry experts, are based on sensitivities most relevant 
to the impacts of hybrid resource participation models. The scenarios 
include various combinations of two levels of VER penetration (current 
and high), two levels of hybrid resource deployment (low and high), and 
two grid charging configurations (unrestricted storage charging from 
grid and storage charging limited to co-located VER only). They also 
incorporate two real-time hybrid operational strategies - storage follow 
and hybrid balance - and two different hybrid participation models: ISO-
Managed and Self-Managed participation, as shown in Table 2. Table 3 
provides an exhaustive summary of the study case scenarios.

4.2.1.  VER Configuration
The resource mix for the low renewable penetration sensitivity is 

based on a historical NYISO base case benchmarked to 2019. In this 
scenario, approximately 473 MW of new battery storage is added to hy-
bridize about 973 MW of existing VER, including 57 MW of utility-scale 
PV and 916 MW of wind generation. The high renewable penetration 
sensitivity assumes approximately 70% VER penetration, reflecting near-
term targets in the New York region. This scenario includes around 9 GW 
of offshore wind and 6 GW of distributed PV solar generation, with the 
remainder supplied by land-based wind and utility-scale PV solar gen-
eration. Additionally, the high VER mix incorporates about 3000 MW 
of energy storage, of which approximately 1500 MW is hybridized with 
co-located VERs. This includes 2084 MW of utility-scale PV and 916 MW 
of wind in the high hybrid penetration scenario. While NYISO planning 
documents do not specify storage duration, this study assumes a four-
hour duration and an 85% round-trip efficiency for all energy storage 
systems.

The modified renewable buildout and siting developed in this study 
to meet the high VER target mandated by the New York Climate Leader-
ship and Community Protection Act (CLCPA) are presented in Table 4. 
Building on the NYISO Congestion Assessment and Resource Integra-
tion Study (CARIS) 70x30 scenario assumptions [21], this study refines 
the allocation of VER and storage resources to better reflect evolving 
trends in hybrid storage development-particularly solar hybrid storage, 
which shows greater penetration in ISO/RTO interconnection queues 
compared to wind hybrid storage. Additional onshore wind and utility-
scale solar capacity were added in a 1:1 ratio as needed to reach the 
70% renewable energy target. Resource placement was further adjusted 
to prioritize zones with larger regional loads and greater potential for 
energy arbitrage under the assumed system conditions. Table 4 details 
the resulting high VER sensitivity capacity buildout by resource type and 
NYISO zone, supporting a more targeted investigation of the study’s key 
analytical objectives.

4.2.2.  Hybrid technical configuration
The hybrid systems were modeled using AC-coupled configurations, 

with battery power capacity set to 50% of the paired generation ca-
pacity [8]. The 0.5 storage-to-generation capacity ratio aligns with ex-
pectations reported by developers and utilities in MISO, where 67% of 
planned hybrid projects fall within a 0.25-0.75 range [22], and with 
the average ratio of approximately 0.65 across proposed hybrid re-
sources in interconnection queues [23]. The four-hour duration is simi-
larly well-supported: 86% of MISO survey respondents indicated plans 
for 2-4 hours of storage. As of the end of 2021, operational solar hy-
brids had a weighted average duration of 3.2 hours, compared to just 

Electric Power Systems Research 262 (2027) 113571 

5 



R.K. Bansal et al.

Table 2 
Case study matrix.

Table 3 
Simulation case scenarios.

Table 4 
High VER sensitivity capacity buildouts by resource type and zone.

0.6 hours for wind hybrids [8]. However, since wind-plus-storage hy-
brids are still nascent, their observed durations were not used to inform 
forward-looking assumptions in this study.

Each hybrid system was assumed to have a point of interconnection 
equal to the nameplate capacity of the wind or solar generator. This re-
flects current design expectations, where batteries are dispatched only 
when the generator is operating below full output [8]. Battery cycle 
limits and degradation costs were not included in this study. All hybrid 
batteries were initialized at a 50% SoC at the beginning of the simulation 
horizon. To assess the system-level impacts of different hybrid partici-
pation models, simulation scenarios were developed using current and 
projected hybrid resource deployment.

5.  Results

This section presents the results of participation models across differ-
ent cases, evaluated using key metrics from the perspectives of both the 
market operator – such as economic efficiency and reliability, and the 
individual resource owner, such as resource profitability. The analysis 
supports a deeper understanding of the implications for various power 
systems with differing resource mixes. In all scenarios, the DASCUC and 
RTSCUC models were solved using a MIP gap of 0.01%.

5.1.  Economic and system efficiency

Efficiency is assessed using real-time operating costs, including fuel, 
no-load, startup, and shutdown expenses. The analysis focuses on incre-
mental delta operating cost – the difference in real-time costs between 
a participation model and its corresponding base case (e.g., comparing 

cases 2-9 with case 1, or cases 11-14 with case 10 in Table 5). Day-ahead 
costs are excluded, as they are not always realized and are less relevant 
for comparative evaluation.

For low VER penetration, delta operating cost represents the percent-
age change in real-time system costs between a low VER, low hybrid 
scenario and the base-case low VER scenario without hybrid resources 
(Case 1). For high VER penetration, it represents percentage change be-
tween a high VER, high hybrid scenario and the base-case high VER 
scenario without hybrid resources (Case 10).

Operating cost comparisons indicate that the ISO-M participation 
model consistently outperforms the Self-M model, particularly under the 
SF (real-time) operational plan, across both low and high VER penetra-
tion scenarios, e.g., case 4 vs. 5 and case 11 vs. 12 in Table 5. The ISO-M 
model often yields operating cost savings relative to the Self-M formu-
lation, while the Self-M model may increase costs relative to the base 
case (cases 1 and 10, respectively). This is primarily due to infeasible 
real-time dispatch of energy storage and increased reliance on expensive 
quick-start units. In Self-M, the day-ahead dispatch is based on bids or 
offer curves that often produce unrealistic schedules for storage, result-
ing in real-time imbalances. In contrast, ISO-M explicitly accounts for 
storage constraints during scheduling, allowing for more reliable and 
cost-effective commitment of thermal resources. Moreover, by enabling 
operator control of storage SoC, ISO-M improves real-time flexibility and 
reduces dependence on high-cost generation.

In the no grid charging sensitivity (Case 2 vs. 3 in Table 5), ISO-M 
again achieves greater cost savings than Self-M, driven by reduced use 
of high-cost resources. Under unconstrained grid charging, Self-M ex-
hibits higher costs due to frequent maximum charging and discharg-
ing in day-ahead schedules, which are often infeasible in real time.
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Table 5 
Production cost and delta operating cost (production cost difference w.r.t to the base case) for different case scenarios; NoGC: no grid charging, UnGC: 
unconstrained grid charging.

Table 6 
Aggregate hybrid energy resource day-ahead revenue, real-time (adjusted) revenue, two-stage settlement profit, and delta profit for ISO-M w.r.t Self-M 
participation option for different case scenarios; NoGC: no grid charging, UnGC: unconstrained grid charging.

Conversely, ISO-M benefit from increased arbitrage opportunities, lead-
ing to improved economic performance. Under the HB (real-time) oper-
ational plan, similar trends are observed. However, in April (low VER), 
both ISO-M and Self-M increase operating costs compared to the base 
case (0.07% in case 8 and 0.15% in case 9, respectively), largely due 
to inflexible scheduling in response to forecast errors. In July, while 
cost reductions for ISO-M are smaller than under SF (-0.05% in case 8 
vs. -0.11% in case 4), it still performs better than Self-M by effectively 
utilizing combined cycle units and limiting steam turbine dispatch. At 
high VER levels in HB, the ISO-M and Self-M models yield comparable 
operating costs within the MIP gap, indicating minimal differences in 
performance under those conditions.

5.2.  Profits and incentives

This subsection evaluateshybrid resource owners’ short-run prof-
its in a two-stage market, combining day-ahead revenue – based on 
scheduled dispatch and clearing price – with real-time revenue from 
deviations, excluding amounts already settled in the day-ahead mar-
ket.

Two-stage settlement profits are used to evaluate participant eco-
nomic performance, while the separation of day-ahead and real-time 
revenues enables comparison of behavior across market stages (Table 6). 
The delta profit measures the difference between the ISO-M and Self-M 
option in each scenario. These calculations exclude investment tax cred-
its, maintenance, degradation, or other operational costs, and are based 
solely on dispatch and market clearing prices.

In April, under both the SF and HB real-time operation plans, the 
Self-M participation option exhibited higher day-ahead market revenues 
compared to the ISO-M option across both low and high VER penetration 

scenarios (April cases 2-9 and 11-14 in Table 6). This is primarily due 
to the internal SoC management in the Self-M model, which allows hy-
brid resources to submit more aggressive bids or offer curves and secure 
higher day-ahead dispatch levels than the ISO-M model, which explicitly 
enforces SoC constraints.

However, in the real-time market – where SoC constraints apply to 
all participation models – the Self-M option incurs higher repurchases 
due to infeasible energy storage dispatch. These buybacks often occur at 
real-time clearing prices that exceed day-ahead prices, leading to neg-
ative real-time revenue. This effect is amplified by the Self-M model’s 
aggressive day-ahead bidding strategy and the absence of day-ahead 
SoC management, combined with forecast errors in real-time. As a re-
sult, the Self-M option typically yields lower two-stage settlement profits 
than the ISO-M model, as shown in the two-settlement profit column for 
April cases in Table 6.

In July, under both real-time operation plans, the Self-M option 
shows lower day-ahead revenues compared to the ISO-M option. This 
is attributed to peak load conditions in July, which increase reliance on 
conventional generators with long start-up times and reduce the day-
ahead dispatch of hybrid resources. Despite this, the Self-M model con-
tinues to exhibit higher real-time repurchases due to infeasible storage 
dispatch, except in the HB plan under unconstrained grid charging. Con-
sequently, the Self-M option generally achieves lower two-stage settle-
ment profits in July as well (July cases 2-9 and 11-14 in Table 6).

Across all scenarios, real-time revenues are consistently negative, in-
dicating that all participation models adjust their day-ahead commit-
ments. In the SF plan, this reflects forecast errors that cause deviations 
in dispatch from the day-ahead schedule. In the HB plan, such errors can 
cause SoC imbalances in early intervals, reducing energy storage avail-
ability in later periods and requiring further dispatch adjustments. The 
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Fig. 4. Illustration of violation of real-time operation plans; constituent ESR re-
source of hybrid energy resource in (a) Area J has insufficient discharge capacity 
under ISO-M/HB option, (b) Area J has insufficient charge capacity under ISO-
M/HB option, (c) Area E has insufficient SoC capacity under Self-M/SF option, 
(d) Area E has maxed out SoC capacity under Self-M/SF option.

Self-M model, in particular, is more susceptible to infeasible real-time 
storage dispatch, leading to imbalance payments.

5.3.  SoC Feasibility and system reliability

This metric assesses the ability of hybrid resources to follow ei-
ther the Storage-Follow or Hybrid-Balance (real-time) operational strate-
gies. It indicates how feasible day-ahead dispatch schedules are in real 
time, considering forecast errors and physical constraints of the stor-
age, renewable, and overall hybrid systems. Under the SF strategy, stor-
age must follow its day-ahead schedule regardless of renewable output. 
Under the HB strategy, the hybrid resource must follow its day-ahead 
schedule using storage to offset renewable variability. Real-time feasi-
bility may be limited by component constraints (e.g., SoC, charge or dis-
charge rates, efficiency, generation limits) and hybrid-level limits (e.g., 
inverter capacity). Hence, feasibility is observed through whether a vi-
olation of the (real-time) operational plan under consideration occurs 
due to any of the following reasons:

• Insufficient discharge capacity: This occurs when the storage compo-
nent reaches its maximum discharge limit and cannot increase out-
put. For example, at hour 29 in July (Fig. 4a), a hybrid facility in 
Area J required 234.49 MW from storage to offset a VER shortfall, 
but was limited to 225 MW, violating the HB strategy.

• Insufficient charge capacity: This occurs when the storage reaches its 
maximum charging rate and cannot further reduce output. At hour 
11 in July (Fig. 4b), a facility needed -241.08 MW of charging to 
offset excess VER generation, but was capped at -225 MW, again 
resulting in a violation of the HB strategy.

• Insufficient SoC: This arises when storage lacks sufficient energy to 
discharge as required. At hour 39 in July (Fig. 4c), a facility sched-
uled to discharge 115 MW had only 52.19MWh available, preventing 
compliance with the SF strategy.

• Maximum SoC limit: This occurs when the storage is full and can-
not absorb additional energy. At hour 3 in July (Fig. 4d), a facility 
scheduled to charge at -104.58 MW could only manage -50.76 MW 
due to limited remaining capacity, violating the SF strategy.
These four metrics help assess how well hybrid resources can meet 

real-time system needs under the SF and HB strategies. Table 7 sum-
marizes simulation results illustrating adherence to these strategies. Al-
though the results do not explicitly show violations of physical limits 

(e.g., SoC bounds or interconnection limits), such constraints can pre-
vent full compliance with day-ahead schedules. For example, under the 
SF strategy, a combination of VER forecast error and interconnection 
constraints may render the storage schedule infeasible. In such cases, 
the market software prioritizes enforcing interconnection limits, adjust-
ing storage dispatch as needed.

SoC constraints can also introduce temporal coupling, especially un-
der the Self-M model, which ignores SoC in day-ahead scheduling. This 
may lead to repeated charging instructions that become infeasible in real 
time once SoC reaches its maximum. Some intervals may involve over-
lapping constraints. For instance, storage needed to charge at -133.96 
MW to follow the HB strategy but was limited by both a -115 MW charge 
cap and a near-full SoC (431.72MWh out of 460MWh), reducing feasi-
ble charging to -33.27 MW. Such intervals are categorized under a single 
primary constraint to avoid double-counting.

In both April and July simulations, and under both low and high VER 
scenarios, the SF strategy resulted in no intervals limited by insufficient 
charge or discharge capacity for either the Self-M or ISO-M participation 
models. This is expected for the ISO-M model, which enforces physical 
limits in both the DAM and RTM. For the Self-M model, similar results 
stem from conservative bidding strategies and a pseudo-2R implemen-
tation that indirectly respects charge/discharge limits.

However, violations due to SoC limits (insufficient or maximum SoC) 
still occur under the Self-M model, which does not consider SoC ex-
plicitly in the DAM. For example, repeated charging in early morning 
hours can lead to maxed-out SoC, preventing further charging and caus-
ing SF violations in later intervals. Similarly, discharging may become 
infeasible due to insufficient SoC. In contrast, ISO-M models perform 
significantly better, as they incorporate SoC constraints in the DAM. For 
instance, in April under low VER penetration, the ISO-M model recorded 
just 39 intervals with insufficient SoC compared to 865 for the Self-M 
model.

Even in ISO-M models, forecast errors can cause storage to deviate 
from its day-ahead schedule to respect hybrid-level constraints (e.g., in-
verter limits), leading to downstream SoC issues. At hour 421 in July, 
a hybrid resource in Area E discharged only 85.13 MW (vs. 115 MW 
scheduled), resulting in max SoC by hour 438 and reduced charging 
capability. Overall, the Self-M model consistently exhibits more SoC-
related violations under the SF strategy due to its lack of SoC tracking 
and reliance on bidding strategies.

Further, under the SF strategy and low VER scenarios, the ISO-M 
UnGC model outperforms ISO-M NoGC, with fewer intervals limited by 
insufficient SoC, 73 vs. 235 in July. This is due to NoGC’s reliance on 
VER-only charging, making it more vulnerable to forecast errors. For ex-
ample, in Area E, lower-than-expected VER output between hours 45-78 
in July led to insufficient storage energy, limiting discharge to 62.5 MW 
(vs. 115 MW scheduled) at hour 86. In contrast, the Self-M model shows 
the opposite trend. The Self-M UnGC case records more SoC violations 
than Self-M NoGC, as grid-charging flexibility enables more aggressive 
DAM schedules, which may become infeasible in real time due to SoC 
constraints. The NoGC case, relying on VER-only charging, results in 
more conservative schedules and fewer violations.

Lastly, unlike SF, the HB strategy results in intervals limited by 
charge or discharge capacity across all models and scenarios. These arise 
when VER forecast errors require storage to deviate from its day-ahead 
schedule. For instance, at hour 29 in July, a facility in Area J needed 
234.49 MW from storage to offset low VER output but was limited to 
225 MW, causing a violation due to insufficient discharge capacity.

5.4.  Computational complexity

This subsection summarizes total solve times (in seconds) for day-
ahead and real-time stages across case scenarios, as shown in Table 8. 
As expected, ISO-M model, which explicitly model hour-to-hour storage 
chronology, exhibit higher day-ahead solve times than the Self-M op-
tion. This trend holds across most cases, due to added SoC constraints. 
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Table 7 
Interval count for hybrid energy resource capability to follow real-time operation plan. 

Table 8 
Computational complexity for all case scenarios.

An exception occurs during July’s peak load under high VER and hybrid 
penetration with the HB strategy, where the Self-M option unexpect-
edly incurs a longer solve time than ISO-M. This anomaly likely stems 
from tight feasibility conditions due to resource scarcity, unit commit-
ment constraints, and ramp limits. In general, July simulations have 
higher solve times than April, and NoGC cases show longer solve times 
than UnGC ones under low VER conditions due to tighter constraints. 
As all RTM models are aligned for fairness, real-time solve times remain 
largely comparable across options.

While ISO-M models improve market efficiency through more ac-
curate representation of storage behavior, they increase computational 
burden, potentially limiting scalability.

6.  Conclusions

This study evaluated two participation frameworks for hybrid 
resources - 1R Self-Managed (Self-M) and 2R ISO-Managed (ISO-
M)- within a two-stage market setting. The model developed: (i) a 
production-cost-modeling framework that explicitly accounts for hybrid 
operational flexibility, (ii) a comparative assessment of decentralized 
versus centralized management of SoC constraints, and (iii) an evalua-
tion of resulting system- and participant-level economic impacts under 
uncertainty.

The results show that embedding hybrid operational constrains di-
rectly within the market clearing (ISO-M) leads to more reliable sched-
ules, reduced real-time corrections, and system cost savings relative to 
the Self-M formulation. In contrast, when resource dispatch and con-
straints feasibility is managed externally through offers (Self-M), hybrid 
resources tend to submit more aggressive day-ahead schedules that in-
crease deviations and redispatch in real time, particularly under forecast 
error. The efficiency gains observed under ISO-M arise primarily from 

structural coordination of storage constraints rather than differences in 
forecasting assumptions.

From a market design perspective, our results highlight the need to 
represent hybrid operational limits directly within dispatch and pric-
ing. In particular, the risks associated with day-ahead renewable gener-
ation uncertainty are more effectively managed in a centralized frame-
work by the ISO than by individual hybrid assets, resulting in lower 
system costs and higher revenues for hybrid participants. The ISO-M 
model, however, introduces additional complexity into market-clearing 
software and may pose implementation challenges for system opera-
tors as the penetration of a diverse portfolio of hybrid resources in-
creases. Future work should examine full real-time re-optimization and 
assess the trade-off between improved modeling accuracy and com-
putational complexity as more data-driven bidding strategies become
feasible.
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