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Abstract: Energy storage systems (ESSs) serve as flexible resources that significantly contribute to 

the integration of uncertain renewable energy sources. They can mitigate power fluctuations through 

fast charging and discharging in ramping services while providing frequency regulation reserves to 

maintain system stability. However, traditional methods often neglect the uncertainty of storage capacity 

and the coupling between ramping and frequency regulation constraints, leading to potential capacity 

violations and inefficient joint optimization. In this paper, we propose a coordinated ramping-frequency 

regulation optimization strategy considering ESS capacity uncertainty. A probabilistic confidence-based 

model was developed to characterize the stochastic nature of capacity, and unified ramping-frequency 

regulation constraints were formulated for ESSs and thermal units. Nonlinear terms were linearized to 

derive a tractable mixed-integer quadratic programming (MIQP) model. Case studies verified that the 

proposed approach effectively accounts for capacity uncertainty, enables shared utilization of ramping 

and regulation capabilities under unified constraints, and enhances the overall efficiency of system 

flexibility deployment. 
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1. Introduction 

With the large-scale integration of renewable energy sources (RESs) into power systems, their 

intermittency and uncertainty have posed significant challenges to secure and stable grid operation [1,2]. 

Taking wind and photovoltaic (PV) generation as examples, their outputs are strongly affected by 
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meteorological and seasonal variations, exhibiting pronounced volatility and randomness. In 

conventional power systems, thermal and hydropower units are mostly responsible for maintaining 

power balance, providing ramping capability, and performing frequency regulation. However, under 

high renewable penetration, their ramping and frequency regulation capacities are often insufficient to 

cope with the rapid variations in net load, which may lead to frequency deviations, aggravated power 

fluctuations, and reduced voltage stability [3,4]. 

Moreover, as a flexible resource, the energy storage system (ESS) has demonstrated great 

potential in mitigating renewable intermittency and enhancing system flexibility. With fast response 

and bidirectional charging-discharging capabilities, ESSs can participate in ramping services to absorb 

or supply power rapidly, thereby smoothing net load variations [5,6]. In addition, ESSs can provide 

frequency regulation and reserve capacity, contributing to system frequency support and reliability 

enhancement [7]. Through coordinated scheduling with conventional thermal units, ESSs can 

significantly improve overall system stability and operational efficiency. 

Extensive research has been conducted on optimizing the scheduling strategies for ESSs 

participating in power system ramping and frequency regulation services.  

The researchers in [8] examined a joint control strategy where energy storage coordinates with 

conventional generators for frequency regulation. Their method explicitly accounted for the ramping 

rate of generators alongside the energy management of the storage system to effectively mitigate load 

fluctuations. Moreover, the researchers in [9] presented a robust frequency-constrained unit 

commitment and multi-reserve resource allocation model for renewable-penetrated systems. By 

optimizing virtual inertia and droop factors to coordinate with synchronous generators, the proposed 

model stabilized system frequency and improved operational economics under uncertainty. The 

researchers in [10] explored a joint optimization framework using battery storage simultaneously for 

peak shaving and frequency regulation. Their results demonstrated a superlinear gain, indicating that 

jointly providing multiple services yields significantly larger economic benefits than utilizing the 

battery for individual applications. From the perspective of capacity allocation and demand-side 

management, the researchers in [11] explored a shared energy storage framework utilizing a game-theoretic 

approach. Their distributed optimization strategy for capacity trading and operation scheduling 

effectively minimized energy costs and reduced the peak-to-average ratio across the entire grid. The 

researchers in [12] proposed an uncertainty-aware mobile energy storage deployment strategy to 

enhance distribution system resilience. By considering the roles of ESSs in frequency regulation and 

power balancing, a robust optimization framework was developed that effectively reduced system risk 

and improved restoration capability. The researchers in [13] presented a two-stage hybrid optimization 

framework for aggregating distributed generalized storage systems, which jointly optimized ramping 

and regulation capacities to eliminate uncertainty impacts and significantly enhance utilization 

efficiency and system economy. The researchers in [14] investigated the co-optimization of battery 

storage for energy arbitrage and frequency regulation. To handle the large state space and multiple time 

scales, a multi-scale dynamic programming approach was introduced, enabling the ESS to make 

efficient scheduling decisions under stochastic conditions. The researchers in [15] proposed a 

chance-constrained scheduling model that incorporates primary frequency responses from aggregated 

electric vehicles. By using distributionally robust chance constraints to handle uncertainties in 

frequency regulation capacities and wind power forecasts, their method reduced system costs while 

enhancing reliability. The researchers in [16] proposed a battery energy storage model with charging-rate 

constraints for wind farm frequency regulation under uncertainty, jointly optimizing the cooperative 
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bidding of ESSs and thermal generators to improve robustness and reduce regulation costs. The 

researchers in [17] developed a multi-step assessment process using stochastic dynamic optimization 

and mixed-integer linear programming to determine the actual resource-adequacy contribution of 

energy storage providing frequency regulation, highlighting the significant impacts of state of 

energy (SOE) complexity and capacity limitations. To evaluate the economic viability of energy 

storage in power markets, The researchers in [18] developed operating schedules for battery energy 

storage companies providing peak shaving and spinning reserve services. By determining the optimum 

capacity of the energy storage systems, their approach maximized profits while contributing to grid 

frequency and voltage support under increasing wind penetration. The researchers in [19] proposed a 

frequency-constrained unit commitment model that integrates a coordinated frequency control strategy 

for wind turbines and energy storage systems. To overcome the computational challenges caused by 

strong nonlinear frequency nadir constraints, they introduced a multi-directional bilayer solution 

method, effectively reducing operating costs and ensuring system security. Addressing load and 

renewable uncertainties, the researchers in [20] presented a two-stage robust optimization framework 

for frequency stability-constrained microgrid scheduling. By deriving linearized restrictions for 

dynamic frequency metrics and leveraging the rapid response of energy storage, their model 

successfully mitigated transient power imbalances and maintained frequency deviations within safety 

thresholds. The researchers in [21] proposed a real-time cooperation scheme combining wind power 

and battery storage to jointly participate in energy and frequency regulation markets. By explicitly 

accounting for battery cycle life in their optimal bidding strategy, the method significantly increased 

overall revenue and improved regulation performance. At the system scheduling level, the researchers 

in [22] incorporated fast-response battery storage into a frequency dynamics-constrained unit 

commitment model to address wind generation uncertainty. To resolve computational challenges, they 

successfully applied a reformulation-linearization technique to transform the original nonlinear 

frequency constraints into a tractable mixed-integer linear programming problem, guaranteeing system 

security and economy.  

Although significant progress has been made in the field, studies exhibit two major deficiencies 

concerning energy storage capacity uncertainty and ramp-frequency coordination: 

1) Neglect of energy storage capacity uncertainty: Most optimization and control strategies for 

energy storage systems (ESS) assume a deterministic or fixed capacity. In practice, however, the 

available capacity of an ESS is influenced by factors such as battery degradation, temperature 

variations, and state of charge (SOC) estimation errors, leading to discrepancies between the actual 

and the expected available energy [23–25]. Failure to account for such uncertainties in capacity in the 

optimization model may result in capacity violation risks and deteriorated operational reliability. 

2) Insufficient consideration of ramp-frequency coupling: In most studies, the ramping and 

frequency regulation services provided by thermal units and ESSs are modeled separately. 

Nevertheless, these two services typically share the same power output capacity in real-world 

operation. Ignoring this coupling may underestimate the benefits of joint resource allocation and lead 

to inefficient utilization of available flexibility resources. 

To address the aforementioned issues, we propose a power system scheduling strategy that 

simultaneously considers energy storage capacity uncertainty and coordinated ramp-frequency 

optimization. A probabilistic confidence-based model is developed to characterize the uncertainty of 

energy storage capacity. On this basis, unified ramp-frequency constraints are formulated for the 

energy storage system (ESS) and thermal generating units. The nonlinear components of the model are 
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subsequently linearized to obtain a computationally tractable formulation. Finally, a coordinated 

optimization framework is established for the joint participation of ESS and thermal units in ramping and 

frequency regulation, which is solved using a mixed-integer quadratic programming (MIQP) approach. 

The major contributions of this paper are summarized as follows: 

1) A unified ramp-frequency regulation constraint model for ESS and thermal units is established. 

The reserve capacity requirements of both services are integrated into a unified framework, avoiding 

double-counting of shared physical capacity and more accurately capturing operational constraints. 

2) A piecewise linearization model is developed for the nonlinear ramping characteristics of 

thermal units. The nonlinear problem is reformulated as a tractable MIQP model via piecewise 

linearization, achieving a balance between modeling accuracy and computational efficiency. 

3) A chance-constrained model based on probabilistic confidence levels is formulated to address 

ESS capacity uncertainty. A chance-constrained programming approach transforms stochastic ESS 

capacity uncertainty into deterministic equivalent constraints at a prescribed confidence level, 

balancing system reliability and tractability. 

The remainder of this paper is organized as follows: In Section 2, we develop the energy storage model 

considering capacity uncertainty. In Section 3, we formulate the linearized unified ramp-frequency 

constraint model for thermal units. In Section 4, we present the coordinated optimization scheduling 

model integrating ESS and thermal units. In Section 5, we provide the case studies and numerical 

analysis. Finally, in Section 6, we conclude the paper and discuss future work. 

2. Energy storage model considering capacity uncertainty 

In this section, we present the basic model of the ESS and then derive the energy constraint model 

considering capacity uncertainty. 

2.1. Basic model of the energy storage system 

The energy-power coupling constraint can be expressed as: 

* *

, , 1 , ,

1ch disch

e t e t ch e t e t

disch

E E P t P t


−= +  −                       (1) 

where Ee,t denotes the stored energy of the ESS e at time t; P
ch 

e,t  and P
disch 

e,t  represent the charging and 

discharging power, respectively; ηch and ηdisch denote the charging and discharging efficiencies; and Δt 

is the time step. The ESS operation must also satisfy the following constraints: 

max

,

max

,

0

0

ch ch

e t e

disch disch

e t e

P P

P P

  


 

                           (2) 

The electrical power output of the ESS, denoted as P
E 

e,t, is expressed as: 

, , ,

E disch ch

e t e t e tP P P= −                              (3) 

The initial state of charge is required to be equal to the final state of charge, which can be 

expressed as: 
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* *

,0 , Te e NE E=                                (4) 

which is a standard operational convention to ensure multi-period scheduling sustainability [21,22]. 

Since the ESS is simultaneously constrained by its maximum output power during ramping and 

frequency regulation, the unified ramp-frequency regulation constraint of the ESS can be expressed as: 

max

, , ,

E E disch disch

e t e t e e tR r P P+  −                         (5) 

where R
E 

e,t and r
E 

e,t denote the power dispatched by the ESS for ramping and frequency regulation, 

respectively. Although ramping and frequency regulation involve minute-level and second-level 

physical responses, respectively, this unified constraint focuses on ex-ante capacity allocation at the 

scheduling stage. It mathematically constructs a static capacity envelope, ensuring that the pre-allocated 

capacities for both services share the same power headroom and never exceed the physical boundary 

of the ESS during real-time dynamic execution. 

To linearize constraint Eq (5), auxiliary ramping variables R
E↑ 

e,t  and R
E↓ 

e,t  are introduced, which satisfy: 

, , ,

,

,

0

0

E E E

e t e t e t

E

e t

E

e t

R R R

R

R

 





 = −







                           (6) 

Accordingly, the unified ramp-frequency regulation constraint Eq (5) for the ESS can be 

reformulated as: 

max

, , , ,

E E E disch disch

e t e t e t e e tR R r P P + +  −                       (7) 

2.2. Energy storage capacity constraint model considering uncertainty 

When capacity uncertainty is not considered, the energy (state-of-charge) constraints of the ESS 

can be expressed as: 

min max

,e e t eE E E                               (8) 

where E
max 

e  and E
min 

e  denote the maximum and minimum allowable energy of the ESS, which are 

determined by the rated capacity and the SOC: 

max

min

U nom

e e e

D nom

e e e

E SoC E

E SoC E

 = 


= 
                            (9) 

where SoC
U 

e  and SoC
D 

e  are the upper and lower bounds of the SOC for unit e, and E
nom 

e  is the rated 

capacity of the storage system.  

However, in practical operations, the exact amount of stored energy (i.e., the actual state of charge) 

in an ESS at any given time cannot be perfectly determined and is strictly subject to uncertainty. The 
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sources of this stored energy uncertainty primarily stem from:  

1) The inherent measurement noise and precision errors of voltage and current sensors.  

2) The dynamic variations in actual charge/discharge efficiencies caused by environmental 

temperature fluctuations and different power rates.  

3) The gradual capacity degradation caused by continuous charge/discharge cycles and aging effects.  

Given the complex and coupled nature of these factors, the overall uncertainty of the actual stored 

energy is commonly modeled as a normal distribution in engineering practice to ensure the mathematical 

tractability of the chance-constrained formulation. 

When accounting for capacity uncertainty, the energy constraints of the ESS Eq (8) can be 

reformulated as a chance-constrained form: 

max

,

min

,

Pr{ }

Pr{ }

e t e e

e t e e

E E

E E





  


 

                              (10) 

where ηe represents the confidence level of the capacity constraint, which indicates that the probability 

of the stored energy of unit e at time t remaining within the allowable range is no less than ηe. 

Assuming that the SOC of the ESS is uncertain, the actual stored energy Ee,t follows a certain 

probability distribution. For instance, under a normal distribution, it can be expressed as: 

* 2

, , ,~ (0, )e t e t e tE E N +                                (11) 

where E
⁎ 

e,t denotes the nominal energy, i.e., the measured or estimated value of the actual stored energy Ee,t. 

Based on the distribution function Eq (11), the chance constraint Eq (10) can be further 

converted as: 

max *

,

,

min *

,

,

1

e e t

e

e t

e e t

e

e t

E E

E E



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

  − 
   
   


 −  

−  
  

                             (12) 

where Φ is the cumulative distribution function of the normal distribution.  

After simplification, the energy constraint can be expressed in the form given in Eq (13): 

min 1 * max 1

, , ,(1 ) ( )e e e t e t e e e tE E E   − −− −   −                 (13) 

Due to the symmetry of the normal distribution, the following condition holds: 

1 1( ) (1 )e e − − =− −                                 (14) 

Consequently, the energy constraint in Eq (13) can be further simplified as: 

min 1 * max 1

, , ,( ) ( )e e e t e t e e e tE E E   − −+   −                   (15) 
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A schematic illustration of the energy constraint considering capacity uncertainty is shown in 

Figure 1. Compared with the deterministic constraint in Eq (8), constraint Eq (15) explicitly 

incorporates the confidence level of the ESS’s capacity, effectively mitigating the risk of overcharging 

or overdischarging.  

Energy capacity constraints of the energy storage unit 

when capacity uncertainty is not considered:

Energy capacity constraints of the energy storage unit 

when capacity uncertainty is considered:

 

Figure 1. Energy capacity constraint under capacity uncertainty. 

3. Thermal power unit model considering nonlinear regulation characteristics 

3.1. Basic model of thermal power units 

The upper and lower bounds of the output power of a thermal power unit can be expressed as: 

min max

, , ,

G G G

i t i i t i t iu P P u P                             (16) 
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where P
G 

i  denotes the output power of unit i, P
Gmax 

i  and P
Gmin 

i  represent the maximum and minimum 

generation limits of unit i, respectively, and ui,t is the on/off status of unit i at time t (1 indicates that 

the unit is online, and 0 indicates that it is offline). 

The start-up and shut-down status ui,t of the thermal power unit must also satisfy the start-up/shut-down 

logic constraint: 

, , , , 1

, , 1

i t i t i t i t

i t i t

x y u u

x y

−− = −


+ 
                            (17) 

where xi,t and yi,t represent the start-up and shut-down actions of unit i at time t, respectively. 

The ramping of a thermal power unit is defined as the rate of change of its output power, which 

can be expressed as: 

, , 1

,

G G

i t i tG

i t

P P
R

t

−−
=


                              (18) 

For units participating in ramping and frequency regulation, the output power is simultaneously 

constrained by the generation limits. The unified ramp-frequency regulation constraint can be 

formulated as: 

( )max max

, , , ,min ,G G G G G

i t i t i i t i tR r P P R+  −                     (19) 

where R
G 

i,t  and r
G 

i,t  denote the portions of the output power of unit i at time t allocated to ramping and 

frequency regulation, respectively, and R
Gmax 

i,t  represents the ramping capability of unit i at time t.  

Due to the mechanical inertia and the limitations of the fuel control system, the ramping capability 

of a thermal power unit typically exhibits a nonlinear relationship with its current output. The ramping 

capability R
Gmax 

i,t  can be approximated by a quadratic function, which can be expressed as: 

( )
2

max

, , ,

G G G G G G

i t i i i t i i tR P P  = +  +                     (20) 

3.2. Linearized model of thermal power unit ramp-frequency regulation constraint 

Since the thermal power unit model involves absolute value and min functions (constraint Eq (19)) 

as well as a quadratic function (constraint Eq (20)), linearization is required to facilitate the solution 

of the optimization problem. 

First, the ramping variables R
G↑ 

i,t  and R
G↓ 

i,t  are defined, which satisfy: 

, , ,

,

,

0

0

G G G

i t i t i t

G

i t

G

i t

R R R

R

R

 





 = −







                             (21) 

Accordingly, constraint Eq (19) can be linearized into two inequality constraints: 
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max

, , , ,
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, , , ,
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
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                       (22) 

Next, piecewise linearization (PWL) is performed to the ramping capability function in Eq (20). 

Assume that the output range of the thermal unit is divided into nk segments. For each segment, the 

maximum and minimum power are denoted by P
GU 

i,k  and P
GD 

i,k , respectively, and the ramping capabilities 

at the segment endpoints are denoted by R
GUmax 

i,k  and R
GDmax 

i,k , with the slope of each segment denoted as 

φ
G 

i,k. Using constraint Eq (19), the expressions for R
GUmax 

i,k  and R
GDmax 

i,k  can be obtained as:  

( )

( )

2
max

, , ,

2
max

, , ,

GU G G GU G GU

i k i i i k i i k

GD G G GD G GD

i k i i i k i i k

R P P

R P P

  

  

 = +  + 

 = +  + 
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                  (23) 

The slope φ
G 

i,k can be calculated as: 

max max

, ,

,

, ,

GU GD

i k i kG

i k GU GD

i k i k

R R

P P


−
=

−
                        (24) 

On this basis, a binary variable z
G 

i,k,t is introduced to indicate whether thermal unit i is operating 

in segment k at time t, and a continuous variable s
G 

i,k,t represents the intra-segment offset. The variables 

z
G 

i,k,t and s
G 

i,k,t are further required to satisfy the following constraints: 

, , ,

1

, , , , , ,0 ( )

kn
G

i k t i t

k

G G GU GD

i k t i k t i k i k

z u

s z P P

=


=


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
                      (25) 

The relationship between the thermal unit power P
G 

i,t  and the variables z
G 

i,k,t and s
G 

i,k,t can be 

expressed as: 

( ), , , , , ,

1

kn
G GD G G

i t i k i k t i k t

k

P P z s
=

=  +                        (26) 

Based on this, a linearized expression for R
Gmax 

i,t  can be obtained using z
G 

i,k,t and s
G 

i,k,t. 

( )max max

, , , , , , ,

1

kn
G GD G G G

i t i k i k t i k i k t

k

R R z s
=

=  +                    (27) 

Constraints Eqs (21)–(22) and Eqs (25)–(27) constitute the linearized ramping-frequency 

regulation unified constraint model for thermal units. Compared with the original nonlinear model  

Eqs (19)–(20), this linearized formulation is more amenable to solution using conventional  

mixed-integer linear programming (MILP) methods. 
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4. Optimal scheduling model for coordinated ramping-frequency regulation of ESSs and 

thermal units 

In this section, we integrate the developed models of ESSs and thermal units to establish an 

overall optimal scheduling framework, enabling the coordinated participation of ESSs and thermal 

units in combined ramping-frequency regulation services. 

4.1. Optimization objective 

The objective of the optimization is to minimize the total system cost, expressed mathematically as: 

min   Energy Ramp RegulationC C C+ +                         (28) 

where CEnergy, CRamp, and CRegulation represent the energy cost, ramping cost, and frequency regulation 

cost, respectively. These components are further defined as: 

( )( )2

, , , , ,

1 1 1 1

G WT TN NN N
G G G G G SU SD WC

Energy i i i t i i t i i t i i t WC w t

t i t w

C a b P c P c x c y p P
= = = =

= +  +  +  +  +       (29) 

( ) ( ), , , ,

1 1 1 1

GT T ENN N N
G G E E

Ramp RAG i t i t RAE e t e t

t i t e

C p R R p R R   

= = = =

=  + +  +           (30) 

, ,

1 1 1 1

GT T ENN N N
G E

Regulation RFG i t RFE e t

t i t e

C p r p r
= = = =

=  +                    (31) 

where NG denotes the number of generators, NW denotes the number of wind farms, NE denotes the 

number of ESSs, NT denotes the number of time intervals, c
SU 

i  and c
SD 

i  represent start-up and 

shut-down costs, P
WC 

w,t  is the wind curtailment power of wind farm w at time t, and pWC is the penalty 

price for wind curtailment. pRAG, pRAE, pRFG, and pRFE represent the unit prices for ramping and 

frequency regulation services provided by thermal units and ESSs, respectively. The energy cost CEnergy 

covers thermal generation, start-up/shutdown, and wind curtailment costs, while CRamp and CRegulation 

reflect the expenses of providing ramping and frequency regulation ancillary services by both thermal 

units and ESSs. 

It is worth noting that the proposed model is formulated as a single-objective economic dispatch 

rather than a multi-objective optimization. Therefore, the price parameters (pRAG, pRAE, pRFG, and pRFE) 

are explicit market clearing prices instead of subjective weighting coefficients. Driven by this unified 

economic objective, the system automatically achieves an optimal trade-off mechanism: While ESSs 

can reduce the system’s ancillary service costs by providing ramping and regulation, their frequent 

charge/discharge actions inevitably incur implicit physical energy losses due to charging and 

discharging efficiencies (ηch and ηdisch), which in turn increases the energy cost CEnergy. Thus, the 

objective function inherently captures this coupled economic-physical trade-off. 
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4.2. Constraints  

(1) Power balance constraint 

The active power balance constraint can be expressed as: 

* *

, , , , ,

1 1 1 1

( )
G W E DN N N N

G W WC E D

i t w t w t e t d t

i w e d

P P P P P
= = = =

+ − + =                     (32) 

where P
W⁎ 

w,t  and P
D⁎ 

d,t  denote the forecasted wind power and load, respectively, and ND represents the 

number of load buses. 

(2) Branch power flow constraint 

The power flow on branch l at time t can be described as: 

* *

, , , , , , , , , ,

1 1 1 1
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=  +  − +  +  −         (33) 

where Q
G 

l,i , Q
W 

l,w, Q
E 

l,e, and Q
D 

l,d are the corresponding coefficients in the sensitivity matrices of generators, 

wind farms, ESSs, and loads, respectively.  

To map these sensitivity coefficients to the network topology, let bG(i), bW(w), bE(e), and bD(d) 

denote the mapping functions that return the corresponding bus index k to which the i-th generator, 

w-th wind farm, e-th ESS, and d-th load are connected. Under the DC power flow assumption, these 

sensitivity coefficients are computed from the network susceptance matrix B as follows: 
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where xl is the reactance of branch l, and m, n are its terminal buses. 

Considering the uncertainties of wind generation and load demand, the branch power flow 

constraint can be formulated as a chance constraint: 

max

,Pr{ }L L

l t l lP P                               (34) 

where P
Lmax 

l  is the maximum permissible power flow on branch l, and ηl denotes the confidence level at 

which the constraint is satisfied. Assuming that the forecast errors of wind power (P
W⁎ 

w,t ) and load (P
D⁎ 

d,t ) 

follow a normal distribution, substituting Eq (33) into (34) and simplifying yields: 
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       (35) 

where Φ-1 denotes the inverse cumulative distribution function of the standard normal distribution, and 

δw,t, δd,t are the standard deviations of the wind power and load forecast errors, respectively. 

(3) Frequency regulation reserve constraint 

Similar to Eq (35), considering the uncertainties of wind generation and load forecasting, the 

frequency regulation (FR) reserve constraint can be expressed as: 

1 2 2

, , , ,

1 1 1 1

( )
G WE DN NN N

G E

i t e t d t w t

i e d w

r r   −

= = = =

+    +                    (36) 

where η denotes the confidence level ensuring that the frequency regulation reserve requirement is satisfied. 

(4) Energy storage constraints 

The constraints for the ESS are adopted from Section 2, including constraints Eqs (1)–(4), (6)–(7), 

and (15). 

(5) Thermal unit constraints 

The constraints for thermal generating units are adopted from Section 3, including constraints 

Eqs (16)–(18), (21)–(22), and (25)–(27). 

As can be seen from the above formulations, all objective functions and constraints are linear 

except for the quadratic term in the objective function Eq (29). This indicates that the proposed CCP 

can be effectively solved using a MIQP algorithm with strict convergence guarantees. Furthermore, 

the computational complexity of the CCP method is consistent with that of the deterministic model, which 

is significantly lower than that of Stochastic Programming (SP) or Robust Optimization (RO) algorithms. 

5. Case study 

In this section, we verify the effectiveness of the proposed method through case studies. The 

analysis is conducted based on the IEEE 6-bus system, which consists of six buses and seven 

transmission lines, with generators at buses 1, 2, and 6, as shown in Figure 2. To investigate the 

coordinated optimization of ESSs and generators under uncertain renewable energy conditions, a wind 

farm is integrated at bus 1, while ESSs are installed at buses 4 and 5. The case studies are performed 

on a computer with an Intel(R) Core(TM) i5-1035G1 CPU @ 1.00GHz (1.19 GHz). 
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Figure 2. IEEE 6-bus system integrated with wind power and ESSs. 

5.1. Comparison of optimization results with different PWL segment numbers 

In this subsection, we discuss the optimization results of thermal units with nonlinear ramping 

characteristics under different numbers of PWL segments. By balancing computational efficiency and 

modeling accuracy, an appropriate PWL segmentation level is determined. To analyze the impact of 

different PWL segment numbers on the optimization outcomes, the following three models are considered: 

(1) Linear model: The PWL segment number is set to 1, and the nonlinear ramping characteristics 

are ignored. 

(2) PWL model (2 segments): The ramping curve is approximated using two linear segments. 

(3) PWL model (4 segments): The ramping curve is approximated using four linear segments. 

The ramping characteristics of the three thermal units under different models are shown in  

Figure 3, where the Nonlinear model represents the original nonlinear ramping characteristics of the 

units, which must be linearized using the above three models for optimization. As shown in Figure 3, 

the linear model (with one PWL segment) exhibits a large deviation from the original nonlinear model. 

As the number of PWL segments increases, the PWL model becomes progressively closer to the 

nonlinear model. When the number of segments reaches four, the deviation between the PWL model 

and the original nonlinear ramping characteristics becomes negligible. 

To further analyze the optimization results under different ramping characteristic models,  

Figure 4 presents the optimization outcomes for the Linear model (equivalent to one PWL segment) 

and the PWL models with 2 and 4 segments. As shown in the scheduling results (first row of     

Figure 4), noticeable differences can be observed in the optimal dispatch of generators and ESSs under 

different segmentation schemes, particularly during generator ramping periods. Moreover, as indicated 

by the computation time and integrated power error of the thermal units across the three models, the 

integrated power error decreases significantly as the number of PWL segments increases, while the 

computation time rises sharply. When the PWL segment number reaches 4, the optimization solving 

time approaches 100 s, posing challenges for real-time scheduling applications. In contrast, the 2-segment 

PWL model completes the optimization within 40 s despite the modest hardware configuration. To 

balance model accuracy and computational efficiency, the PWL model with 2 segments is adopted in 

the subsequent case studies. 
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Figure 3. Nonlinear ramping characteristics of thermal generating units and their PWL 

approximations under different segmentation methods. 
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Figure 4. Comparison of optimization results for thermal generating units under different 

PWL segmentation methods. 
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It should be noted that although the 2-segment PWL inevitably introduces slight capacity fitting 

errors, these are handled safely through a conservative under-approximation strategy. By explicitly 

setting the PWL segments slightly below the actual nonlinear physical curve, the solver is prevented 

from overestimating the total available ramping capability. Consequently, the co-optimized capacities 

allocated for ramping and frequency regulation will never exceed the true physical headroom of the units, 

rigorously guaranteeing the physical feasibility of the scheduling results during real-time execution. 

Figure 5 illustrates the optimal scheduling results of system resources when the number of PWL 

segments is set to two, including the output power of each generator, the charging/discharging power, 

and the SOC of the ESSs. As shown in Figure 5, the ESSs charge during the low-load period (2:00–5:00) 

to perform valley filling and discharge during the peak-load period (15:00–18:00) to achieve peak 

shaving. In addition, during the load-ramping period (10:00–15:00), the ESSs provide ramping support, 

effectively reducing the system’s dependence on generator ramping, mitigating the rate of change in 

generator power, and thereby enhancing system reliability and operational efficiency. 
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Figure 5. Optimal scheduling results under the PWL model with two segments. 

5.2. Validation of the unified constraint model 

In this subsection, the effectiveness of the proposed unified ramp-frequency regulation constraint 

model is verified through comparative analysis. To this end, the following two models are considered: 

(1) Model with non-unified constraints: In this model, the unified ramp-frequency regulation 

constraints given by Eqs (6)–(7) and (21)–(22) are not applied. Instead, R
E 

e,t and r
E 

e,t, as well as R
G 

i,t  
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and r
G 

i,t , are constrained independently by their respective upper and lower limits. 

(2) Model with unified constraints: This model adopts the proposed unified ramp-frequency 

regulation constraints as formulated in Eqs (6)–(7) and (21)–(22), enabling coordinated sharing of 

ramping and frequency regulation capacities between generators and ESSs. 

The optimal scheduling results of generators and ESSs under the two models are shown in Figure 6, 

and the allocation of ramping power and frequency regulation reserves between generators and ESSs 

under both scenarios is illustrated in Figure 7. To further quantify the performance improvement, the 

key operational metrics are summarized in Table 1. 
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Figure 6. Optimal scheduling results of generators and ESSs under unified and non-unified 

ramp-frequency regulation constraints. 
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Figure 7. Allocation of ramping power and frequency regulation reserves between 

generators and ESSs under unified and non-unified ramp-frequency regulation constraints. 
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Table 1. Quantitative comparison between unified and non-unified constraint models. 

 
Non-Unified 

Constraints  

Unified  

Constraints 

Improvement 

Percent 

ESS FR Capacity (MWh) 335.78 423.84 26.227% 

Ramping Cost CRamp ($) 505.47 498.56 −1.3671% 

Frequency Regulation Cost CRegulation ($) 529.51 525.99 −0.66526% 

As observed from Figure 6, there exist only minor differences in the optimal scheduling results 

between the unified and non-unified constraint models. Since the unified ramp-frequency regulation 

constraint primarily affects the participation of generators and ESSs in ramping and reserve provision, 

the discrepancies between the two models mostly occur during the ramp-up and ramp-down periods. 

From Figure 7 and Table 1, it can be seen that, under the non-unified constraint model, the 

ramping power and frequency regulation reserves cannot be shared, requiring generators and ESSs to 

independently provide certain amounts of regulation reserves. In contrast, under the unified constraint 

model, most of the frequency regulation reserve is undertaken by ESSs, while generators provide 

reserves only during the periods when ESSs are engaged in ramping. This is because, in the unified 

constraint model, ramping power and frequency regulation reserves can be jointly allocated, enabling 

ESSs to obtain a greater share of frequency regulation. As shown in Table 1, the ESS FR capacity 

increases by 26.227% under the unified model, which confirms its effectiveness in alleviating capacity 

redundancy caused by independent service requirements. 

5.3. Adaptability and robustness analysis under multiple scenarios 

To comprehensively evaluate the adaptability and robustness of the proposed strategy under 

various operating conditions, in this subsection, we compare the optimization results under varying 

confidence levels of frequency regulation reserves, line flow limits, and energy capacity constraints . 

By adjusting these confidence levels, the model effectively simulates different scenarios, including 

renewable energy penetration rates, load disturbance patterns, and energy storage capacity 

uncertainty levels. 

The confidence levels of frequency regulation reserves (η) and line flow limits (ηₗ), defined in 

constraints Eqs (35) and (36), respectively, reflect the system’s tolerance to wind power and load 

uncertainties. Moreover, the energy capacity confidence level (ηe), defined in constraint Eq (15), 

represents the tolerance to energy storage capacity uncertainty. To analyze the system’s adaptability 

under different renewable penetration and load disturbance patterns, three scenarios are considered for 

frequency regulation and line flow constraints: Low confidence: (η = 0.95, ηₗ = 0.96), Medium 

confidence: (η = 0.98, ηₗ = 0.99), and High confidence: (η = 0.99, ηₗ = 0.995). The corresponding 

optimization results are shown in Figure 8 with the statistic results listed in Table 2. Similarly, to 

evaluate the robustness against ESS capacity uncertainty, three confidence levels are considered for 

the energy capacity constraint: Low confidence (ηe = 0.95), Medium confidence (ηe = 0.98), and High 

confidence (ηe = 0.99). The corresponding optimization results are shown in Figure 9 with the statistic 

results listed in Table 3. 
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Figure 8. Optimization results under different confidence levels for line-constraints and 

reserve-constraints. First row: Total ESS power under different confidence levels. Second 

row: Total generator power under different confidence levels. Third row: Operating cost 

and cumulative charging/discharging power of ESSs. 

Table 2. Optimization results under different confidence levels for line-constraints and 

reserves-constraints. 

Confidence levels Cumulative charging and discharging energy of the ESSs (MWh) Operation cost ($) 

Low (η = 0.95, ηₗ = 0.96) 200.35 3.784 × 105 

Medium (η = 0.98, ηₗ = 0.99) 184.45 3.862 × 105 

High (η = 0.99, ηₗ = 0.995) 178.31 3.891 × 105 
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Figure 9. Optimization results under different confidence levels for energy-storage-

capacity-constraints. First row: Total ESS power under different confidence levels. Second 

row: Total generator power under different confidence levels. Third row: Operating cost 

and cumulative charging/discharging power of ESSs. 

Table 3. Optimization results under different confidence levels for energy-storage-capacity-constraints. 

Confidence levels Cumulative Charging and Discharging Energy of the ESSs (MWh) Operation cost ($) 

Low (ηe = 0.95) 184.44 3.858 × 105 

Medium (ηe = 0.98) 184.46 3.860 × 105 

High (ηe = 0.99) 184.51 3.862 × 105 

From Figure 8, it can be observed that when the confidence levels of frequency regulation and 

line flow constraints are relatively low, the ESSs contribute more to peak shaving and less to ramping 

support. In this case, the overall utilization of ESSs is higher, while the total operational cost is lower. 

Conversely, when the confidence levels are higher, the ESSs provide less peak shaving but more 

ramping support to reserve additional capacity for frequency regulation, resulting in reduced ESS 

utilization and increased operational cost. 
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From Figure 9, as the energy capacity confidence level increases from low to high, the ESSs 

gradually shift from providing more peak shaving to contributing more ramping support. Both the 

overall ESS utilization and system operational cost show a slight increase. The higher energy capacity 

confidence level limits the available usable energy of the ESSs, which increases system cost. However, 

since the proposed optimization framework adopts a unified ramp-frequency regulation constraint, part 

of the ESS capacity originally used for peak shaving and frequency regulation is automatically 

reallocated to ramping, resulting in only minor variations in overall ESS utilization and system 

operating cost. 

6. Conclusions 

In this paper, we propose an optimal scheduling strategy for power systems considering energy 

storage capacity uncertainty and unified ramping-frequency regulation constraints. Specifically, 

ramping-FR unified constraint models are established for ESSs and thermal units. To address the 

uncertainty of storage capacity, a chance-constrained model based on probabilistic confidence levels 

is developed, while a PWL model is formulated to capture the nonlinear ramping characteristics of 

thermal units. An integrated optimization model of ESSs and thermal units is then constructed and 

solved using MIQP. The case study analysis leads to the following conclusions: 

1) Compared with non-unified constraint models, the proposed ramping-frequency regulation 

unified constraint model enables the sharing of ESS ramping power and frequency regulation reserves 

within a single constraint framework. Consequently, ESSs can provide larger frequency regulation 

reserves while participating in ramping, thereby improving overall optimization efficiency. 

2) Compared with a conventional linear model, the proposed PWL model for thermal units more 

accurately represents their intrinsic nonlinear ramping characteristics. Increasing the number of PWL 

segments reduces the model’s cumulative error, but also significantly increases computational time. 

3) The choice of the probabilistic confidence level has a substantial impact on the optimization 

results. As the confidence level of the storage capacity constraint increases, ESSs shift from primarily 

performing peak shaving to undertaking more ramping tasks, which leads to a corresponding increase 

in overall operating costs. 

Despite the demonstrated effectiveness, this study has the following limitations: 

1) Computational Scalability: The PWL approximation introduces a substantial number of 

binary variables. Given the NP-hard nature of MIQP, the computational burden scales exponentially, 

posing challenges for large-scale systems (e.g., IEEE 118-bus systems). 

2) Uncertainty Distribution under Extreme Scenarios: To ensure mathematical tractability, the 

ESS capacity uncertainty is modeled using a normal distribution. However, under extreme operating 

scenarios, the actual State of Charge (SOC) may exhibit non-Gaussian characteristics due to strict 

physical boundaries (e.g., a Beta distribution bounded between 0 and 1). 

To address the above issues, in future work, we will focus on a selective PWL framework, 

applying PWL only to units with severe nonlinearities, to strictly balance accuracy and efficiency. In 

addition, more general probability distributions will be integrated into the chance-constrained 

framework to enhance the model's adaptability to extreme conditions. 
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