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Abstract- The growing integration of renewable energy sources, especially the residential 

photovoltaic (PV) systems, in the distribution networks (DNs) aggravates the ramp-events 

in transmission system. In order to address this issue, we propose a novel look ahead 

dispatch model for the ramp minimization in DNs using distributed energy storage systems 

(ESSs). The dispatch problem considering the scheduling of ESSs is modelled as a finite-

horizon optimization problem and is carried out using model predictive control (MPC) 

method that takes both current and future information into account. In addition, the optimal 

power flow in DN is formulated as a second-order cone programming problem to 

guarantee the global optimality. Numerical results on IEEE 37-bus distribution network 

show that our proposed model not only brings about 74% reduction of maximum ramp but 

also yields the near-minimum system operating cost. 

Keywords: Active distribution network, ramp-event, energy storage system, model 

predictive control. 
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1 Introduction 

The distribution networks (DNs) are undergoing a transition from traditional 

passive networks to active networks due to the growing integration of distributed energy 

resources (DERs), the infusion of smart meters as well as the emergence of advanced 

information and communication technologies (ICT) [1]. The evolution of the distribution 

networks constitutes an important aspect of the smart grid and has the following advantages. 

Firstly, the sustainability and reliability of power supply can be improved since a large 

proportion of DERs are renewable energy based and can meet the demand of local 

customers. Secondly, the operational flexibility and efficiency can also be enhanced due to 

the capability of reliable real-time monitoring, effective real-time communication and 

advanced real-time control in active DNs [2]. Thirdly, active DNs also enables 

implementation of efficient and competitive market designs, such as peer-to-peer energy 

transaction and demand response, by leveraging the advantage of smart meters and ICTs. 

In order to fully unlock the economic and technical value of active DNs, a non-profit 

distribution System Operator (DSO) is required to operate the DN securely, reliably and 

efficiently like an Independent System Operator (ISO) in transmission network [3]. Even 

though the transition of DNs produces various benefits, it also causes troubles to the system 

operation and control especially when the penetration of renewable distributed generators 

(DGs), e.g. distributed wind turbines and rooftop PV installations, is high. One of the 

biggest challenges arises from the scarcity of flexible ramping products to tackle the 

significant variation of net load and thus resulting in the reduction of operational reliability 

[4]. Since the ramping effect in the DNs will be translated into the transmission network 

and aggravate the shortage of ramping capability, it is necessary for DSOs to address the 



ramping problem locally with local flexible resources, e.g. energy storage systems.  

Net load, defined as the difference between the actual load and the renewable 

generation, has been widely used to investigate the impact of renewable energy sources 

(RESs) integration. Over the years, the California Independent System Operator (CAISO) 

has observed a sharp decline during the sunrise and a steep rise during the sunset of the 

daily net load curve, which is known as the “duck curve” [5]. As a result, the duck curve 

of net load imposes a hard ramp-down and ramp-up requirement on power systems. In 

order to address this issue, several approaches have been proposed. For instance, ref. [6] 

proposes a ramp limitation oriented control strategy for large scale PV power plants 

considering the PV curtailment. Though it is effective in controlling the PV ramp, it also 

leads to the reduction of economic and environmental benefit of RES. Another method is 

to design new products called flexible ramping products (FRPs) and procure them from the 

market, which has been extensively studied before recent implementation by CAISO and 

Midcontinent ISO (MISO) [7]. Ref. [4] evaluates the influence of FRPs on the optimal 

economic dispatch and shows that FRPs can reduce dispatch cost. Ref. [8] presents a 

comprehensive review on the modelling and utilization of FRPs. To sum up, much effort 

has been made to alleviate the ramping effect in transmission networks. Nevertheless, few 

works have studied the ramping problem in DNs even though it can aggravate the shortage 

of ramping capacity in transmission networks. 

Energy storage system (ESS) is believed to be an effective option to accommodate 

the high penetration of RES. It has gained overwhelming popularity around the world 

because of its considerable benefits [9], e.g. deferring the upgrade of generation and 

network, reducing operating cost and RES curtailment, enhancing system operational 



flexibility, achieving low-carbon objective, etc. ESS can be classified into utility-scale ESS 

installed in transmission system and distributed ESS located in DNs and microgrids (MGs). 

Both types of ESS can provide various services to the power system. In [10], the large-

scale ESSs are employed to relieve transmission congestion. In [11], ESSs are scheduled 

to fulfil the peak-shaving and valley-filling of the netload in distribution system. In [12], 

ESSs are utilized to minimize the total operating cost of the distribution network. In [13], 

ESSs play an important role in providing flexible ramping products to transmission 

network. In [14], ESSs are utilized to enhance the system security by taking corrective 

action after a contingency. In this paper, we endeavour to minimize ramping effect in DNs 

using distributed ESSs.  

To deal with the uncertainties of load demand and renewable energy output, several 

methods have been proposed, e.g. stochastic programming [15], robust optimization [16] 

and model predictive control (MPC) [17]. However, MPC is recognized to be more suitable 

for short-term operation problem due to its underlying rolling optimization manner. Thus, 

we will use MPC to carry out our proposed ramp minimization dispatch model. Up to now, 

MPC has been widely applied in power systems, such as appliance scheduling of a 

residential building [17], energy management of isolated microgrids [18], real-time power 

system protection [19].  

In active DNs, the power flow is no longer unidirectional from the substation to the 

end-use customers. In order to effectively model bidirectional power flow in active DNs, 

Baran and Wu proposed a branch flow model in [20], [21]. However, the original branch 

flow model is nonconvex, which poses challenge in finding a global optimal solution. In 

this regard, a convexified branch flow model was derived by Farivar and Low in [22] based 



on the second-order cone relaxation and has been widely used since then. To guarantee the 

global optimality, the second-order cone relaxed branch flow model is also used in our 

proposed ramp minimization problem. 

This paper proposes a novel MPC based dispatch model for ramp minimization in 

active DNs using distributed ESSs. The main contributions are summarized as follows. 

• We propose a novel look ahead dispatch model for the ramp minimization in 

active DNs. The fast responding ESSs are employed to offset the ramp-up and 

ramp-down event caused by the distributed PV generations. To the best of our 

knowledge, few works have studied the ramping problem in distribution systems. 

• Model predictive control method is used to carry out our proposed dispatch model, 

which incorporates both current information and newly updated forecast 

information. Consequently, ESSs can be appropriately scheduled to avoid latent 

over-charging or over-discharging during some periods. Moreover, we employ 

the second-order cone relaxed branch flow model to formulate the power flow in 

active DNs so as to guarantee the global optimality. 

• Numerical results demonstrate that our proposed MPC based ramp minimization 

model not only brings about significant reduction of ramping effect (74% 

reduction of maximum ramp), but also yields economically efficient result. 

The rest of paper is organized as follows. Section 2 presents the system model and 

the problem formulation of the proposed ramp minimization problem in active DNs. 

Section 3 applies the MPC approach to the ramp minimization problem. In section 4, we 

demonstrate the numerical results. Finally, section 5 concludes the paper. 

 



2 System Model and Problem Formulation 

2.1 Branch Flow Model in Distribution Networks 
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Fig. 1. A typical radial distribution network 

Consider a distribution network (DN), which is typically radial as shown in Fig. 1. 

Let : ( , )=  denote the topology of the DN, where : {0,1, , }N=  represents the set 

of buses and   represents the set of directed lines. Note that each bus i except the 

substation bus (indexed by 0) has a unique ancestor bus, denoted by Ai, and a set of child 

buses, denoted by Ci. For instance, bus 2 has a unique ancestor which is bus 1 and several 

child buses including bus 3, 4 and 5, i.e. 2 1A = and 2 {3,4,5}C = . Moreover, the direction 

of each line is assumed from a bus i to its ancestor bus Ai as illustrated in Fig. 1. Thus, we 

uniquely label the line from bus i to its ancestor bus Ai as i so that the label of line is 

consistent with label of the bus and we have : {1, , }N= . In a radial distribution network, 

branch flow model (BFM) has been widely used to model the power flow equations [22].  



Specifically, the active power balance at the substation bus and other buses can be 

represented by Eq. (1) and (2), respectively. 

0

, , 0,( ) 0j j j

j C

P r l p  

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where 0,p   and ,ip   denote the active power injection (+) or extraction (-) at the substation 

bus and other bus i at time  , respectively; ,jP   and ,jl   represent the active power flow 

and squared line current magnitude on line j at time  , respectively; jr  is the resistance of 

line j. 

The reactive power balance at the substation bus and other buses is represented by 

Eq. (3) and (4), respectively. 

   
0

, , 0,( ) + =0j j j

j C

Q x l q  


−                                                                (3) 

, , , ,( ) + =       0
i

j j j i i

j C

Q x l q Q i   


−                                        (4) 

where 0,q   and ,iq   denote the reactive power injection (+) or extraction (-) at the substation 

bus and other bus i at time  , respectively; ,jQ  is the reactive power flow on line j at time 

 . jx  is the reactance of line j. 

The voltage drop/rise on each line can be described by Eq. (5).  

    
2 2

, , , , ,2( ) ( )       
ii A i i i i i i iv v rP x Q r x l i    − = + − +                               (5) 

where ,iv   is the squared bus voltage magnitude of bus i at time  . 

The relationship between the power flow, squared bus voltage magnitude and 

squared line current magnitude can be expressed by Eq. (6). 
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Note that Eq. (6) is nonconvex, which makes it computational challenging to find 

the global optimal solution to the OPF problem. In order to convexify Eq. (6), it is relaxed 

into an inequality as Eq. (7) and then reformulated into a second-order cone constraint as 

Eq. (8). 
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2

 (2 ,  2 ,  )       i i i i i iP Q l v l v i−  +                                   (8) 

It has been proved in [22] that the relaxation is exact as long as the network is radial 

and the objective function of the OPF problem is strictly increasing in il . In our model, the 

equality in (7) also holds since we take the network loss into account and it is a strict 

increasing function of il . 

In an OPF problem, the voltage magnitude of each bus and current magnitude of 

each line should be maintained within the acceptable ranges. 

                  min 2 max 2

,( ) ( )       i i iV v V i                                              (9) 

                          max 2

, ( )       i il I i                                                               (10) 

where min

iV and max

iV  denote the upper and lower bounds of voltage magnitude at bus i, 

max

iI is the line current capacity of line i. 

2.2 Ramp events and Ramp Index 

Fig. 2 shows a typical net load curve with high penetration of PV generation. Severe 

ramp-down and ramp-up events are indicted in the figure, which are caused by the diurnal 



generation pattern of PV systems. Consequently, more and more ramping products are 

needed, which will eventually lead to the shortage of ramping capability. Therefore, we 

particularly focus on mitigating the ramping effect in distribution systems so as to alleviate 

the shortage of ramping capability in transmission grid. To this end, we first define the 

ramp index in DNs for each time slot t to quantify the ramping effect, as shown below.  

  0, 0, 1t t tIR p p −= −                                                             (11) 

where 
0,tp  is the power injection/extraction of the distribution network to/from the main 

grid at time slot t. Thus, it also represents the total net load of the entire distribution network.  

 
Fig. 2. A typical daily net load curve with the illustration of ramp events 

2.3 Energy Storage System Model 

Over the past few years, great advances have been made in the battery storage 

technologies, especially in the lithium-ion battery. In this paper, the battery ESSs are 

utilized to mitigate the ramping effect through charging during the ramp-down events of 

the net load and discharging during the ramp-up event of the net load. Since the detailed 

battery ESS technologies are beyond the scope of this paper, we will only present the 

generic mathematical model of ESSs. Let ,

char

kp    and ,

disc

kp    denote the charging and 



discharging power of k-th ESS at time slot  . The charging and discharging power at each 

time slot should be maintained within the allowable ranges, as shown below. 

           ,0    char char ess

k kp p k                                                    (12) 

                 ,0     disc disc ess

k kp p k                                                           (13) 

where char

kp and disc

kp are the upper bound of charging and discharging power of k-th ESS, 

respectively; 
ess

denotes the set of ESS. 

The dynamics of ESSs between two successive time slots can be described as 

, , 1 , , ( 1/ )       char char disc disc ess

k k k k k kS S p p t k    −= +  −                    (14) 

where 
,kS 

 is the state of charge (SOC) of k-th ESS at the end of time slot  ; 
char

k and 
disc

k

denote the charging efficiency and discharging efficiency, respectively; t is the duration 

of one time slot. 

The SOC should not exceed the maximum allowed level 
max

kS  or fall below the 

minimum allowed level 
min

kS , as shown below. 

           
min max

,      ess

k k kS S S k                                                 (15) 

Frequent employment of ESS will shorten its life span. Thus, the degradation cost 

should be considered to avoid overuse of ESS. In our model, the degradation cost is 

modeled as a linear function of charging and discharging power like [23]. 

  , , ,( / )d d char char disc disc

k k k k k kC c p p t   =  +                                            (16) 

where ,

d

kC    is degradation cost of k-th ESS at time slot    and 
d

kc   denotes the unit 

degradation cost. 



2.4 Multi-period Dispatch Model for Ramp Minimization 

In this subsection, we propose a multi-period dispatch model for the distribution 

system operator (DSO) to mitigate the ramping effect and meanwhile to ensure the system 

operation is under a normal condition by leveraging the full potential of ESSs in providing 

ramping support. The objective not only considers the ramp index, but also takes network 

loss and ESS degradation cost into consideration. Since the units of the three items are not 

unified, we multiply the ramp index and network loss by the ramping price rc   and 

electricity price ec , respectively, to present these two items in the monetary unit as well. 

In order to maintain the bus voltage magnitudes within the acceptable ranges, static voltage 

compensators (SVCs) are considered to provide voltage regulation support to the 

distribution system. The objective of the proposed model is to minimize the total cost 

composed of ramping cost, the cost of network loss and ESS degradation cost, and the 

constraints include the branch flow model, ESS model and SVC model. The detailed 

problem formulation is given as follows.  
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 
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(12)-(15)       ,...,t t M = +                                                                   (17f) 

,           ,  ,...,svc

w w w

svcq q q t tw M   =  +                                     (17g) 

where the first, second and third terms in (17a) represent the ramping cost, the cost of 

network loss and total degradation cost at time  , respectively. Eq. (17b) describes the 

branch flow model. Eq. (17c) shows the active power injection at bus i, where 
,

pv

gp  ,
,

char

kp 

and 
,

disc

kp     denote the g-th PV output, charging and discharging power of k-th ESS, 

respectively, 
,

l

ip   is the active load of bus i, pv

igb   and ess

ikb  are known binary indicators. 

1pv

igb =  if g-th PV system is located at bus i, and  0pv

igb =  otherwise. Similarly, 1ess

ikb =  if 

k-th ESS is located at bus i, and  0ess

ikb =  otherwise. Eq. (17d) shows the reactive power 

injection at bus i, where 
,

svc

wq   denotes the reactive power output of w-th SVC, 
,

l

iq  denotes 

the reactive load of bus i, svc

iwb  is a known binary indicator. 1svc

iwb =  if w-th SVC is located 

at bus i, and  0svc

iwb =  otherwise. Eq. (17e) shows the voltage magnitude at the substation 

bus. Eq. (17f) describes the ESS model and Eq. (17g) imposes the limits on the SVC output. 

3 Model Predictive Control based Implementation  

The MPC method is employed to carry out our proposed dispatch model for ramp 

minimization. The key idea of MPC is to solve a finite horizon optimization problem in a 

receding horizon manner based on the latest updated information, but each time only the 

optimization result of the current time slot will be applied, as illustrated by Fig. 3. We 

assume at any time slot t, only the current load and PV information is accurate and known 

to the DSO. The future information of the load demand and PV generation is uncertain. 

Thus, the DSO needs to predict the load demand and PV generation for the following M-1 

time slots using advanced forecast techniques as those in [24], [25]. Since the methodology 



of load and PV forecasting is beyond the scope of this paper, we will not present it in this 

paper. The detailed procedure to implement the MPC based dispatch model is illustrated as 

below.  

t t+1 t+2 t+3 t+4 t+5 t+6 ...

t t+1 t+2 t+3 t+4 t+5

t+1 t+2 t+3 t+4 t+5 t+6

t+2 t+3 t+4 t+5 t+6 t+7
 

Fig. 3. Illustration of model predictive control with a horizon of 6 time slots 

i) At time slot t, the DSO collects the load and PV information of the current time 

slot and updates their forecast information for the following M-1 time slots. 

ii) Based on the information obtained at step i), the DSO solves the multi-period 

dispatch problem for the ramp minimization and only applies the optimal 

solution of the current time slot t to the ESSs and SVCs. 

iii) When the time moves forward to t+1, the DSO executes exactly the same 

procedure described at step i) and ii).   

Since the MPC method takes both current and future information into account, the 

short-sightedness in ESS scheduling can be avoided. Moreover, owing to the rolling 

optimization manner of the MPC method, the distributed system operator is enabled to 

correct its decision at each time slot based on the newly updated information. Hence, the 

impact of the load and PV forecast inaccuracy is substantially lessened. Note that 

increasing the horizon length may produce a more robust result, but it also leads to the 

decline of forecast accuracy and increase of optimization complexity. Thus, there is trade-

off in selecting the length of the horizon. In our application, we consider a horizon of 6 

time slots with the duration of each time slot being 1h. Fig. 4 shows the flowchart for the 



implementation of the proposed MPC based ramp minimization dispatch model. 

Collect load and PV 
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Information collection 
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Fig. 4. Flowchart for implementation of the proposed ramp minimization model 

4 Case Studies 

In this section, we test our proposed MPC based dispatch model, denoted as MPC, 

on the modified IEEE 37-bus distribution network for the ramp minimization over a day. 

Detailed information of the network can be found in [26]. The nominal voltage value of 

the distribution system is 4.8kV and per-unit value is used in the case studies. Fig. 5 shows 

the network topology of IEEE 37-bus distribution feeder with 20 distributed PV 

installations and 10 distributed ESSs. Eight SVCs are integrated at bus 5, 9, 10, 20, 23, 26, 

29 and 34, respectively. Fig. 6 depicts the realized total active load and PV generation of 

the considered day and the detailed data is provided in Table IV in the Appendix. The 

parameters related to the PV system, ESS and SVC are listed in Table I along with other 

parameters.  



Table I: Parameters for MPC based dispatch model 

PV system capacity
,maxg

jp  200 kW Unit degradation cost
d

jc  $10/MWh 

Maximum charging power
,maxc

jp  200 kW SVC capacity 200 kVar 

Maximum discharging power
,maxd

jp   200 kW Lower voltage limit
min

jV  0.95 p.u.  

Minimum allowed SOC level
min

jS   100 kWh Upper voltage limit
max

jV  1.05 p.u. 

Maximum allowed SOV level
max  jS   1000 kWh Ramping price rc   $50/MW 

Charging efficiency
c

j  95% Electricity price ec  $50/MWh 

Discharging efficiency
d

j  95%   
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Fig. 5. IEEE 37-bus distribution network with PV installations and ESS 

 

Fig. 6.  Realized total active load and PV generation of the distribution network 



4.1 Performance Comparisons  

   1) Comparison with Two Benchmarks 

To better justify our proposed ramp minimization method, two benchmarks are used 

for comparison. Specifically, the first benchmark [11], denoted as BM1, aims at flattening 

the daily net load profile of a distribution network using distributed ESSs. Its mathematical 

formulation is given as 

, ,, , ,

0,

min  

s.t            

         (17b)-(17g)         

c d
m t m tp p K

t

K

p K t

t


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

                    (BM1) 

where  is the target value when the load profile is entirely flattened and K denotes the 

largest deviation of the load profile to the target value. The second benchmark [12], denoted 

as BM2, utilizes ESSs to minimize the daily operation cost of a distribution network, which 

is composed of the energy purchase cost from the main grid and ESS degradation cost. 

Note that in [12], the operation cost also includes dispatch DG operation cost, but it is 

included in this case since no dispatch DG is considered. The optimization model of BM2 

is given as follows, 
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c p C
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 
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

 
                 (BM2) 

where p

tc  denotes the electricity price at time t, and 
,

d

k tC is the degradation cost of k-th ESS 

at time t. The time-of-use rate (TOU) in Ontario retail market [27] is used to represent 

electricity price, as shown by Table II. The periods are customized to accommodate high 

PV penetration. Note that both benchmarks are solved day-ahead with predicted load 

demand and PV output. The actual load demand and PV output are random variables and 



assumed to be varying within the interval between 70% and 130% of the predicted values.  

Table II: Customized time-of-use rate in the case studies 

 Period  Price $ per kWh 

Off-peak 00:00-9:00 $0.065 

Mid-peak 9:00-16:00 $0.094 

On-peak 17:00-24:00 $0.132 

Fig. 7 shows the daily net load profiles of the distribution system under different 

cases. The net load without ESS integration is also depicted for comparison. We can see 

from the figure that all three methods make great contribution to the peak shaving and 

valley filling. It is straightforward to understand how both benchmarks bring about this 

effect since the objective of BM1 is to flatten the net load profile and the TOU rate in BM2 

is designed to encourage the load shifting from the peak load periods to the valley load 

periods. Although the goal of our model is to mitigate the ramping effect, it also contributes 

to the peak shaving and valley filling. The reason is that by minimizing the ramp index 

between any two successive time slots, the distance between the peak load and valley load 

is minimized as well. We can also observe from the figure that without ESS, the net load 

experiences a severe ramp-down event from 8:00 to 10:00 and a severe ramp-up event from 

16:00 to 17:00 due to the rapid variation of PV output. It is expected that ESS can 

substantially mitigate the ramping effect. However, different approaches perform 

differently on the ramp mitigation. To further illustrate this point, we depict the daily ramp 

index profile under different cases in Fig. 8. It can be seen that BM1 only slightly reduces 

the ramp indices. The reason is that it only focuses on minimizing the load variance 

between the peak load and valley load without considering the load variance between 

successive time slots. BM2 has a better performance in terms of ramp mitigation compared 

with BM1, but some ramps in BM2 are still considerably large, such as those at 10:00 and 



17:00. However, the ramps are maintained at a low level over the whole day using our 

proposed method, as shown by the curve denoted as MPC. 

Fig. 9 demonstrates the maximum ramp under different cases. We can see that BM1 

only reduces the maximum ramp by 30%, while BM2 and our method reduce that by 50% 

and 74%, respectively. Moreover, the maximum ramp using our method is almost as half 

as that in BM2. Therefore, our proposed method outperforms both benchmarks in terms of 

ramp minimization.  

 
      (a) 

 
(b) 

Fig. 7. Daily net load profiles of the distribution system under different cases, (a) 

comparison between MPC and BM1, (b) comparison between MPC and BM2 

 



 

Fig. 8. Daily ramp index profile of the distribution system under different cases 

 

 

 
Fig. 9.  Maximum ramp index under different cases 

To verify our proposed method is also economically efficient, we list the energy 

purchase cost, ESS degradation cost and the total operation cost of the three cases in Table 

III. We can observe that BM2 has the lowest total cost as expected. But the total cost in our 

case is just slightly higher (about 0.6%) than that in BM2. Therefore, our proposed MPC 

based ramp minimization model is economically efficient.  

Table III: Cost comparison using different methods 

 BM1 BM2 MPC 

Energy purchase Cost ($) 1026 720 725 

ESS Degradation cost ($) 148 180 180 

Total cost ($) 1174 900 905 

 

 

 



2) Comparison with Single-period Model  

To verify the superiority of the MPC method, we compare the results of our case with 

the result using single-period ramp minimization model, denoted as Single-t. Each time 

only one time slot is considered in the Single-t model. Fig. 11 plots the daily ramp index 

profile under MPC and Single-t. It can be observed that the ramp mitigation performance 

under MPC is much better than that under Single-t. The maximum ramp index is only 

reduced by 18.5% under Single-t. In contrast, it is reduced by 74% under MPC. The reason 

is that MPC based model takes future forecast information into account and thus allocates 

the ESS charging and discharging power more appropriately to deal with the forthcoming 

ramp event. Fig. 11 shows the total charging/discharging power under MPC and Single-t. 

We can see that the charging/discharging power under Single-t is larger than that under 

MPC at the beginning of the ramp event. Thus, the charging/discharging power under 

Single-t cannot last for a long period due to the limit of ESS capacity. Consequently, the 

ramp mitigation capability of ESSs is greatly impaired.  

 

Fig. 10. Daily ramp indices under MPC and single t 

 



 

Fig. 11. Total charging (-) and discharging (+) power of ESSs under MPC and single t  
 

4.2 Sensitivity Analysis 

In this subsection, we conduct a sensitivity analysis of the maximum ramp and total 

operation cost to the ESS capacity. We denote the ESS capacity and power rating used in 

the last subsection as the unit one (100%). Each time we reduce the ESS capacity and 

power rating by 10% and run the simulations with the same other parameters. Fig. 12 

illustrates the relationship between the maximum ramp and ESS capacity. It can be seen 

that the maximum ramp almost decreases linearly with the increase of ESS capacity, which 

implies the ramp mitigation capability depends linearly on the ESS capacity within the 

considered range. Fig. 13 shows the relationship between the ESS capacity and the total 

operation cost. We can see that the total operation cost declines linearly with the growth of 

ESS capacity. Hence, the ESS capacity has a great impact on the reduction of maximum 

ramp and the total operation cost. However, the expansion of ESS capacity results in 

considerably high investment cost. Thus, there is a trade-off between saving investment 

cost and improving the ramp mitigation capability via ESS expansion.  



 

Fig. 12. Maximum ramp under different ESS capacities 

 

Fig. 13. Total cost under different ESS capacities 

5 Conclusions 

The distribution networks are under a transition from passive ones to active ones with 

the increasing integration of distributed generations. However, the significant variation of 

renewable energy generations, especially the rooftop PV systems, will aggravate the ramp-

events in transmission networks. Aiming to address this issue, we propose a novel MPC 

based dispatch model to minimize ramping effect in active DNs using distributed ESSs. In 

particular, we model the dispatch model with ESS scheduling as a multi-period 

optimization problem which is carried out using the MPC method. Since the MPC method 



considers both current and future information, it will produce an appropriate ESS 

scheduling result and keep the ramp at low level over the whole day. Moreover, second-

order cone relaxed branch flow model is used to model the power flow in DNs so as to 

guarantee the global optimality. Case study on IEEE 37-bus distribution network 

demonstrates that our proposed model brings about significant reduction of maximum ramp 

and yields economically efficient results. 
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Appendix 

Table IV: Total load and PV of the considered day 

Hour Load/MW PV/MW Hour Load/MW PV/MW Hour Load/MW PV/MW 

1 0.93 0 9 1.45 1.08 17 1.17 1.02 

2 0.79 0 10 1.50 2.45 18 1.91 0.13 

3 0.58 0 11 1.11 3.09 19 1.82 0 

4 0.63 0 12 1.39 3.69 20 1.55 0 

5 0.78 0 13 1.19 3.95 21 1.63 0 

6 1.10 0 14 0.95 3.48 22 1.52 0 

7 0.96 0 15 0.91 2.96 23 1.27 0 

8 1.16 0.16 16 0.96 2.20 24 0.94 0 
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