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Abstract 

In integrated wind–PV–storage renewable energy bases, the constituent stations are elec-
trically coupled to a significant degree. At the same time, the temporal mismatch between 
the active-power delivery schedule issued by the dispatch center and the available wind 
and PV generation, compounded by the uneven voltage profile produced by collector-line 
impedance, readily drives the terminal voltage of end-of-feeder turbines beyond its limit. 
This paper proposes a coordinated active–reactive power optimization method that 
jointly addresses turbine terminal voltage security and network loss. The method treats 
battery charging and discharging, wind and PV output, and the reactive power of every 
source as the decision variables of a single global optimization, convexifies the problem 
through a second-order cone relaxation, and thereby balances the allocation of active and 
reactive power. A model predictive control framework then coordinates the cross-period 
scheduling of storage together with the reactive power of all sources. Case studies show 
that, compared with conventional unified power factor control, the proposed method 
raises the level of terminal voltage security and lowers system network loss while still 
satisfying the dispatch command tracking requirement. 
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1. Introduction 
Driven by the “dual-carbon” goals, the desert and Gobi regions of northwestern 

China have become the core areas for the large-scale, concentrated development of wind 
and photovoltaic (PV) power, and several ten-gigawatt-scale renewable energy bases 
have already been commissioned [1,2]. To smooth the strong randomness of wind and PV 
output and to improve the controllability of large-scale grid integration and delivery [3,4], 
such bases are generally configured as integrated wind–PV–storage plants equipped with 
large-scale electrochemical storage [5,6] and connected to the grid through a long-distance 
corridor [7]. When this export corridor is realized by a modular multilevel converter-
based high-voltage direct current system, its secure operation under DC-side faults is a 
further prerequisite for the reliable delivery of the base [8–10]. Unlike a single plant, a 
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large base is typically formed by several step-up stations coupled in series or aggregated 
through 220 kV lines. Each station not only receives its own upper-level dispatch com-
mands; its reactive output and power flow also interact through the tie line, so the base 
behaves as one electrically coupled system [11]. Under the combined influence of collec-
tor-line impedance and the electrical distance between turbines, the terminal voltage of 
end-of-feeder turbines may rise markedly even when the point of common coupling 
(PCC) voltage is held within its commanded range. Under meteorological disturbances, 
the resulting terminal over-voltage can trip turbines and threaten the security and econ-
omy of system operation [12,13]. Tracking the automatic voltage control (AVC) reactive-
power command and the active-power delivery schedule must therefore be accompanied 
by an explicit terminal voltage security constraint and by a full account of the electrical 
coupling between stations. 

A renewable energy base usually has to respond to two kinds of upper-level dispatch 
at once: the reactive-power command issued by the AVC master station, and the active-
power delivery schedule sent by the dispatch center [14]. References [15–17] established 
regulation models for several reactive sources, including PV inverters, static var genera-
tors (SVGs), and electrochemical storage, but they mostly treat storage as an instantaneous 
reactive source and do not capture the temporal coupling of its state of charge or the mu-
tual exclusivity of active and reactive power within the capability circle. Reference [18] 
explained the reactive-regulation mechanism of doubly fed induction generators and a 
station-level voltage control strategy, but it relies on a station equivalent and can hardly 
reflect how the distribution of intra-station line parameters affects terminal voltage. Ref-
erences [19,20] provided reactive-allocation methods that account for the reactive margin 
of the turbines, yet they do not jointly coordinate active-power curtailment with reactive 
regulation. References [21,22] proposed turbine-level reactive-allocation methods for 
wind farms, but they neither consider the coupling with the active-power delivery sched-
ule nor address coordination among multiple stations. 

Wind turbines are connected to one another through collector feeders whose imped-
ance cannot be neglected, so the reactive output of a turbine has a marked effect on both 
the feeder voltage profile and the operating network loss. Unified power factor control, 
which aims at PCC voltage tracking, has become the engineering baseline for wind farms, 
but it is restricted to a single type of plant and regulates reactive power only, covering 
neither the wind–PV–storage hybrid nor the multi-station coupling scenario. References 
[23,24] further incorporate terminal voltage and network loss into a multi-objective opti-
mization, yet they mostly evaluate terminal safety through binary indices such as the 
number of nodes that exceed the limit, and they fail to quantify the margin of the terminal 
voltage relative to the trip threshold. When the terminal voltage operates close to the trip 
threshold for a long time, its safety margin against disturbances is clearly insufficient. In 
summary, the intra-station feeder voltage profile, the operating network loss, and the ter-
minal voltage safety margin should all be treated as primary considerations of the optimal 
control. 

Because wind and PV turbines usually operate under maximum power point track-
ing (MPPT), the economic operation of the base is no longer a conventional dispatch prob-
lem but a class of optimal power flow (OPF) problem; the AC OPF is intrinsically a non-
linear and nonconvex problem that is hard to solve in polynomial time. For the output 
optimization of renewable plants, heuristic algorithms [25,26] are widely applied, but they 
tend to fall into local optima and to be time-consuming. Benefiting from advances in con-
vex optimization, the convex relaxation that recasts the original OPF as a second-order 
cone program (SOCP) [27–29] can obtain the global optimum in polynomial time, and 
both its speed and its accuracy meet the needs of station-level online control. SOCP and 
MPC are established techniques in renewable-plant control. DistFlow/SOCP has previ-
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ously been applied to collector-side optimal power flow and loss-minimizing reactive-
power dispatch in individual wind farms [30,31]. MPC has also been used for coordinated 
active and reactive control of a DFIG wind farm equipped with distributed energy storage 
systems [32], for two-tier active–reactive coordination of a VSC–HVDC-connected wind-
farm cluster [33], and for terminal-voltage control using wind turbines, energy storage, 
and SVG support [34]. Moreover, a closely related earlier study from our group developed 
a two-layer SOCP scheme for coordinating PCC voltage tracking and generator-terminal 
voltage security within a single wind farm [35]. Therefore, neither SOCP nor MPC, nor 
their simple combination, is claimed as the novelty of this study. The representative stud-
ies reviewed above focus on either an individual wind farm or a hierarchically coordi-
nated wind-farm cluster. In contrast, the present work formulates the operation of two 
wind–PV–storage stations connected in series at the 220 kV level as one base-wide opti-
mization problem. Both collector networks, the inter-station tie line, and the shared export 
corridor are retained in a single DistFlow tree, while each station has its own active- and 
reactive-power tracking terms and the storage units are coupled across time through their 
SOC dynamics. The methodological advance therefore lies in this unified formulation and 
coordination of the electrically coupled multi-station system, with SOCP and MPC serv-
ing as the tractable solution and receding-horizon implementation tools, respectively. Re-
cent uncertainty-aware power-system research includes probabilistic voltage-security as-
sessment under high renewable penetration [13], data-driven active–reactive dispatch un-
der system uncertainty [14], and distributionally robust optimization (DRO) for resilience 
against disruptive events [36]. In particular, Du et al. construct an uncertainty set for at-
tack resources and a Wasserstein-metric ambiguity set for their unknown probability dis-
tributions in an interdependent power–communication system [36]. This DRO formula-
tion hedges resilience decisions ex ante against distributional ambiguity. By contrast, the 
present optimization model is a deterministic SOCP on the modeled full-base network 
and contains neither a scenario set nor a distributional ambiguity set. As detailed in Sec-
tion 3.4 and Appendix B, its performance under renewable-generation uncertainty is eval-
uated empirically using three wind/PV forecast-error RMS levels, three independent 
AR(1) error realizations at each level, and both typical and heavy operating conditions. 
These 18 combinations are ex post evaluation cases rather than uncertainty scenarios em-
bedded in the optimization problem. The results therefore support the corrective value of 
rolling feedback within the tested uncertainty range, but do not establish stochastic or 
distributionally robust guarantees. 

This paper therefore proposes, for the coordinated optimization of terminal voltage 
security and network loss in a multi-station series-coupled renewable energy base, a co-
ordinated active–reactive power optimization method built on a second-order cone relax-
ation. The method takes the charging and discharging of storage, the wind and PV output, 
and the reactive power of every source as the decision variables of one global optimiza-
tion. While tracking the AVC reactive-power command and the active-power delivery 
schedule, it safeguards terminal voltage security and reduces network loss, and it embeds 
the model in a model predictive control framework that jointly coordinates the cross-pe-
riod scheduling of storage and the reactive power of all sources. 

2. Materials and Methods 
2.1. Structure and Voltage Distribution of the Series-Coupled Wind–PV–Storage Base 

A renewable energy base in western China is taken as the example. It consists of two 
integrated wind–PV–storage stations coupled in series through 220 kV lines. A typical 
base comprises two step-up stations, each containing a number of wind turbines, PV 
subarrays, electrochemical storage groups, and SVGs. The wind turbines connect to the 
35 kV collector lines as independent nodes and are aggregated to the low-voltage bus of 
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the step-up transformer through several series-connected collector branches; the PV 
subarrays are aggregated along the collector branches and then connected to the 220 kV 
section; the storage is concentrated along the collector branches; and the SVGs are in-
stalled on the low-voltage bus side. The 220 kV buses of the two stations are joined by a 
tie line, and one of them further connects to the grid through a double-circuit long-dis-
tance export line. The upper-level dispatch commands are issued to the base on a per-
station basis: each station independently receives the reactive-power command 𝑄ref

(௦)(𝑡) 
from the AVC master station and the active-power delivery schedule 𝑃ref

demand,(௦)(𝑡) from 
the dispatch center, where 𝑠 is the station index. The overall wiring topology of the base 
is shown in Figure 1. 

 

Figure 1. Wiring topology of the two series-coupled stations of the renewable energy base. The 
labels 1–90 denote the wind-turbine terminal numbers. 

2.1.1. Electrical Coupling Between the Two Stations 

As Figure 1 shows, the two step-up stations are not mutually independent plants of 
equal capacity; they form a pronounced electrical coupling at the 220 kV level through the 
tie line. All power delivered by Station A first flows through the tie line to the 220 kV bus 
of Station B. It then combines with the output of Station B and enters the grid through the 
double-circuit export line. This arrangement forms a topology of series aggregation fol-
lowed by unified delivery. The coupling is quantified below with a linearized DistFlow 
relation. 

Let the voltages of the 220 kV buses of Stations A and B, that is, their respective PCCs, 
be 𝑈஺ and 𝑈஻; let the grid serve as the slack node with voltage 𝑈଴. Let the impedance of 
tie line A→B be 𝑍tie = 𝑅tie + 𝑗𝑋tie, and let the impedance of the export line B→grid, after 
equivalent paralleling of the double circuit, be 𝑍send = 𝑅send + 𝑗𝑋send. Let the active and 
reactive power delivered by the two stations at their respective PCCs be 𝑃஺,𝑄஺  and 𝑃஻,𝑄஻. Under the first-order approximation that neglects line charging susceptance and 
line loss, the active and reactive power on the tie line and on the export line satisfy ൜𝑃tie = 𝑃஺𝑄tie = 𝑄஺ (1) 

൜𝑃send = 𝑃஺ + 𝑃஻𝑄send = 𝑄஺ + 𝑄஻  (2) 

From the linearized DistFlow relation, the 220 kV bus voltage of Station B is 
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𝑈஻ ≈ 𝑈଴ + (𝑃஺ + 𝑃஻)𝑅send + (𝑄஺ + 𝑄஻)𝑋send𝑈଴   (3) 

Recursing along the tie line to the PCC voltage of Station A gives 𝑈஺ ≈ 𝑈஻ + 𝑃஺𝑅tie + 𝑄஺𝑋tie𝑈஻  (4) 

Combining this with the previous expression yields the explicit dependence of the 
PCC voltage of Station A on the four-element delivery vector (𝑃஺,𝑄஺,𝑃஻,𝑄஻): 𝑈஺ ≈ 𝑈଴ + (𝑃஺ + 𝑃஻)𝑅send + (𝑄஺ + 𝑄஻)𝑋send𝑈଴ + 𝑃஺𝑅tie + 𝑄஺𝑋tie𝑈஻  (5) 

These relations reveal three kinds of coupling between the two stations. 

1. Power-flow coupling: The active and reactive flows on the export line are determined 
by the sum of the two stations� deliveries, so any power adjustment at one station 
necessarily acts on the export-corridor current and the corresponding line loss of the 
other. 

2. Voltage coupling: Because ∂𝑈஺/ ∂𝑄஻ = 𝑋send/𝑈଴ > 0  and ∂𝑈஺/ ∂𝑃஻ = 𝑅send/𝑈଴ > 0 , 
the active and reactive output of Station B directly raises the PCC voltage of Station 
A and is further conducted to the terminals of Station A through its intra-station col-
lector lines. 

3. Reactive-resource coupling: Although the SVGs and storage of the two stations be-
long to separate stations and each follows its own AVC command, any dispatch ac-
tion alters the PCC voltage margin of the other station through the relations above, 
and thereby affects the other station�s terminal voltage security and its upper limit of 
deliverable reactive power. 

These couplings indicate that a station optimizing only its own indices, while ignor-
ing its interaction with the other station, may trigger terminal over-voltage at the neigh-
boring station or raise the network-wide loss. This paper therefore merges the two stations 
into a single DistFlow tree and solves the active and reactive decision variables of all 
sources jointly on a coupled SOCP model that covers the whole network. 

2.1.2. Node Voltage and the Active–Reactive Relationship 

Let the PCC voltage of a station be 𝑈PCC, let the equivalent voltage of its upstream 
tie line or export line be 𝑈଴ with impedance 𝑍଴ = 𝑅଴ + 𝑗𝑋଴, and let the active and reactive 
power delivered by the station be 𝑃out and 𝑄out. Neglecting the transverse component of 
the voltage, the PCC voltage can be approximated as 𝑈PCC ≈ 𝑈଴ + 𝑃out𝑅଴ + 𝑄out𝑋଴𝑈଴  (6) 

For the 𝑖-th node along an intra-station collector branch, the voltage can be obtained 
by recursion from the PCC: 𝑈௜ ≈ 𝑈PCC − ෍  𝑃௞௟𝑅௞௟ + 𝑄௞௟𝑋௞௟𝑈PCC(௞,௟)∈𝒫(௜)  (7) 

Here 𝒫(𝑖) is the branch path from the PCC to node 𝑖; 𝑃௞௟ and 𝑄௞௟ are the active and 
reactive power flows on branch (𝑘, 𝑙), and 𝑅௞௟ and 𝑋௞௟ are its resistance and reactance. 
Under typical conditions the station delivers positive active power, so along a branch 𝑃௞௟ < 0, the flow runs from the end toward the PCC, and the voltage drop is negative; the 
terminal voltage at the end is therefore higher than the PCC voltage. The larger the reac-
tive output of the station, the more pronounced the rise at the end, and the higher the 
over-limit risk. Equation (7) further shows that reactive power injected locally by a turbine 
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at the end of a long collector line raises its terminal voltage far more than the same injec-
tion by a turbine close to the PCC. This relation is the root of the physical conclusion that 
follows. Under unified power factor control, every turbine injects reactive power locally 
at the same power factor, so the reactive injection of the end-of-feeder turbines on a long 
collector line markedly raises their terminal voltage and causes over-limit. The proposed 
method, by contrast, jointly optimizes the active and reactive allocation of all turbines 
under the terminal voltage constraint, so that reactive power is borne more by turbines 
that have little terminal-raising effect and short transmission paths, while the end-of-
feeder turbines deliver less reactive power, thereby holding the terminal voltage within 
bounds. 

2.2. Multi-Source Active–Reactive Joint Dispatch Model 

This section presents the complete mathematical model of the multi-source active–
reactive joint dispatch of the base, in the order of decision variables, constraints, and ob-
jective function; the SOCP convexification form of the model and its rolling multi-period 
expansion are given afterward. 

Let the collector network of the base be represented by the graph 𝒢 = (𝒩,ℰ), which 
includes the internal networks of the two stations and the tie line. The source set is divided 
by type into wind turbines 𝒲, PV subarrays 𝒱, SVGs 𝒮, and storage ℬ. In what follows, 
the active and reactive power of each source is denoted by 𝑃 and 𝑄 with the subscripts 𝑤, 𝑣, 𝑠, 𝑏, and the rated apparent capacity by 𝑆 with the corresponding subscript. 

Sign and positive-direction conventions: A unified set of conventions is adopted so 
that the DistFlow model and the linearized analysis remain symbolically self-consistent. 

1. Branch direction: The DistFlow tree is rooted at the grid slack, and a branch (𝑖, 𝑗) ∈ ℰ 
points from the parent node 𝑖 to the child node 𝑗. 

2. Branch flow: 𝑃௜௝ ,𝑄௜௝ are the active and reactive power that flow into the child node 𝑗 on branch (𝑖, 𝑗). Under normal operation the base delivers power to the grid, and 
the flow runs from the end toward the root, so the collector branches commonly sat-
isfy 𝑃௜௝ < 0,𝑄௜௝ < 0. 

3. Node injection: 𝑝௝ , 𝑞௝ are the sums of the active and reactive power of all sources at 
node 𝑗, with the direction defined so that injection from a source into the collector 
network is positive; that is, wind and PV output, storage discharge, and SVG capac-
itive reactive power are positive, whereas storage charging and SVG inductive reac-
tive power are negative. In the DistFlow balance of Equation (14), because the flow is 
defined from parent to child, the source-positive 𝑝௝ , 𝑞௝  enter the equation as −𝑝௝ ,−𝑞௝, so that for a leaf wind-turbine node 𝑃௜௝ ≈ −𝑝௝, which is consistent with the 
branch-flow sign above. 

4. Capacitive-positive reactive power: The AVC-issued 𝑄ref
(௦), the source reactive quan-

tities 𝑄, and the node injection 𝑞௝ all follow the “capacitive-positive” convention; 
the reactive power injected by the line-shunt charging susceptance in the π model is 
likewise capacitive-positive, and in Equation (14) it appears as −𝑏௝sh𝑢௝ with the same 
sign as −𝑞௝. 

5. Voltage-squared variable: 𝑢௝ = 𝑈௝ଶ ≥ 0, in per-unit form. 

2.2.1. Decision Variables 

The model is solved for the entire base over each dispatch period 𝑡 ∈ 𝒯. The decision 
variables are grouped into the following six classes by their physical origin. 

1. Wind/PV/SVG output: Wind (𝑃௪ ,𝑄௪) , 𝑤 ∈ 𝒲 ; PV (𝑃௩,𝑄௩) , 𝑣 ∈ 𝒱 ; SVG reactive 
power 𝑄௦, 𝑠 ∈ 𝒮. 
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2. Storage: Charging power 𝑃௕ch ≥ 0, discharging power 𝑃௕dis ≥ 0, reactive power 𝑄௕, 
and state of charge 𝑆𝑂𝐶௕, 𝑏 ∈ ℬ; the net discharging power is denoted as 𝑃௕ = 𝑃௕dis −𝑃௕ch, so as to correctly reflect the asymmetry of the charging and discharging efficien-
cies. 

3. Wind/PV curtailment: 𝑃௡curt(𝑡) ≥ 0, 𝑛 ∈ 𝒲 ∪ 𝒱; the actual grid-connected output af-
ter curtailment is 𝑃௡act(𝑡) = 𝑃௡MPPT(𝑡) − 𝑃௡curt(𝑡). 

4. Network variables: Branch active and reactive flows 𝑃௜௝ ,𝑄௜௝, squared branch current 𝑙௜௝ = 𝐼௜௝ଶ , and squared node voltage 𝑢௜ = 𝑈௜ଶ, with (𝑖, 𝑗) ∈ ℰ and 𝑖 ∈ 𝒩. 
5. Tracking-error slacks: 𝜉௉(௦), 𝜉ொ(௦), the deviations of station 𝑠 in delivered active and re-

active power from the dispatch command, 𝑠 ∈ {𝐴,𝐵}. 
6. Linearization auxiliaries: 𝑞௦ା ≥ 0  for linearizing |𝑄௦| , and 𝑟௕ ≥ 0  for representing 

the remaining apparent-capacity margin of the storage. 

Unlike the conventional practice of treating storage active power 𝑃௕ as an external 
input parameter, this paper includes 𝑃௕  together with 𝑃௡curt  among the decision varia-
bles, so that the active decisions covering storage charging/discharging and wind–PV out-
put are coordinated jointly with the reactive power of all sources within the same convex 
optimization framework. 

2.2.2. Constraints 

Wind-turbine capability circle. The reactive capability of a doubly fed induction gen-
erator (DFIG) is limited by the rotor-current circle. To preserve the second-order cone 
structure of the model, the engineering approximation of a fixed stator rated voltage 𝑈௦ ≈1.0 p.u. is adopted, and 𝑈௦ in the expression is treated as a constant: 

𝑃௪ଶ + ቆ𝑄௪ + 𝑈௦ଶ𝑋௦ቇଶ ≤ ൬𝑈௦𝑋௠𝑋௦ 𝐼௥,୫ୟ୶൰ଶ , 𝑤 ∈ 𝒲 (8) 

Here 𝑈௦ is the stator voltage, 𝑋௦ and 𝑋௠ are the stator reactance and the mutual re-
actance, and 𝐼௥,୫ୟ୶ is the upper limit of the rotor current. With 𝑈௦ fixed, Equation (8) is a 
standard second-order cone in the variables (𝑃௪ ,𝑄௪), corresponding geometrically to a 
disk whose center is shifted from the origin to (0,−𝑈௦ଶ/𝑋௦). This approximation mainly 
affects the boundary location of the DFIG reactive capability and does not change the 
principal conclusions of this paper regarding the suppression of terminal over-voltage 
and the spatial reallocation of reactive power; during the Newton–Raphson (NR) valida-
tion stage, the terminal voltage constraint is rechecked with the actual node voltages for 
closed-loop verification. A refined treatment of the voltage-dependent reactive capability 
curve can take 𝑈௦ as a variable and preserve convexity through piecewise linearization 
or a McCormick envelope, which is left to future work. For full-converter wind turbines, 
the capability circle 𝑃௪ଶ + 𝑄௪ଶ ≤ 𝑆௪ଶ  is used directly. 

PV inverter capability circle: 𝑃௩ଶ + 𝑄௩ଶ ≤ 𝑆௩ଶ, 𝑣 ∈ 𝒱 (9) 

where 𝑆௩ is the rated apparent capacity of PV unit 𝑣. 
SVG regulation range: −𝑄௦,୫ୟ୶ ≤ 𝑄௦ ≤ 𝑄௦,୫ୟ୶, 𝑠 ∈ 𝒮 (10) 

where 𝑄௦,୫ୟ୶ is the upper limit of the reactive capacity of SVG 𝑠. 
Storage capability circle. The electrochemical storage provides active and reactive 

power simultaneously within its capability circle: 𝑃௕ଶ + 𝑄௕ଶ ≤ 𝑆௕ଶ, 𝑏 ∈ ℬ (11) 

where 𝑆௕ is the rated apparent capacity of storage 𝑏. 
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Storage SOC dynamics: 𝑆𝑂𝐶௕(𝜏 + 1) = 𝑆𝑂𝐶௕(𝜏) − 1𝐸௕,cap
 ቆ𝑃௕dis(𝜏)𝜂௕dis − 𝜂௕ch𝑃௕ch(𝜏)ቇ  Δ௢,  

𝑆𝑂𝐶௕,୫୧୬ ≤ 𝑆𝑂𝐶௕ ≤ 𝑆𝑂𝐶௕,୫ୟ୶ (12) 

Here 𝐸௕,cap is the storage capacity in MWh, Δ௢ = 15 min is the outer MPC step size, 𝜂௕ch, 𝜂௕dis ∈ (0,1] are the charging and discharging efficiencies, and 𝑆𝑂𝐶௕,୫୧୬ and 𝑆𝑂𝐶௕,୫ୟ୶ 
are the lower and upper SOC limits, taken here as 0.10 and 0.90. Because simultaneous 
charging and discharging would increase the two-sided energy loss and raise both the 
network loss and the objective value, the optimum naturally satisfies 𝑃௕ch ⋅ 𝑃௕dis = 0 with-
out any complementarity constraint; no simultaneous charging and discharging was ob-
served over the full 96-step case study. 

Wind/PV curtailment bound: 0 ≤ 𝑃௡curt(𝑡) ≤ 𝑃௡MPPT(𝑡), 𝑛 ∈ 𝒲 ∪ 𝒱 (13) 

where 𝑃௡MPPT(𝑡)  is the natural output of wind/PV unit 𝑛  at time 𝑡  under maximum 
power point tracking (MPPT). 

DistFlow power-flow equations of the full-base coupled tree. The whole network of 
the base, including the internal networks of the two stations, the tie line, and the export 
line, is merged into a single radial DistFlow tree, in which the double-circuit export line is 
combined by parallel equivalence, so that the power flow is described uniformly: 

⎩⎪⎪
⎨⎪
⎪⎧𝑃௜௝ = −𝑝௝ + ෍  𝑃௝௞௞:(௝,௞)∈ℰ + 𝑅௜௝𝑙௜௝𝑄௜௝ = −𝑞௝ + ෍  𝑄௝௞௞ + 𝑋௜௝𝑙௜௝ − 𝑏௝sh𝑢௝𝑢௝ = 𝑢௜ − 2(𝑅௜௝𝑃௜௝ + 𝑋௜௝𝑄௜௝) + (𝑅௜௝ଶ + 𝑋௜௝ଶ )𝑙௜௝𝑙௜௝𝑢௜ ≥ 𝑃௜௝ଶ + 𝑄௜௝ଶ

   (14) 

Here 𝑅௜௝ and 𝑋௜௝ are the resistance and reactance of branch (𝑖, 𝑗), and 𝑏௝sh is the per-
unit shunt charging susceptance to ground at node 𝑗, corresponding to the equivalent 
shunt admittance of the 220 kV line π model at the 𝑗 end. 𝑝௝ and 𝑞௝ are the sums of the 
active and reactive power injected by the sources at node 𝑗; they follow the “injection from 
sources is positive” convention and therefore appear as −𝑝௝ ,−𝑞௝ in the DistFlow balance. 
The reactive power injected by the π-model shunt charging susceptance is capacitive, so −𝑏௝sh𝑢௝ has the same sign as −𝑞௝. The last relation in Equation (14), 𝑙௜௝𝑢௜ = 𝑃௜௝ଶ + 𝑄௜௝ଶ , is the 
original nonconvex constraint; it is written directly in the second-order cone relaxed form 𝑙௜௝𝑢௜ ≥ 𝑃௜௝ଶ + 𝑄௜௝ଶ , and the tightness of the relaxation is verified numerically below. Because 
the two stations are coupled within the same tree through the tie line, their mutual influ-
ence on active and reactive power flow and on terminal voltage is described simultane-
ously. 

Voltage security constraint: 𝑢௜୫୧୬ ≤ 𝑢௜ ≤ 𝑢௜୫ୟ୶, ∀𝑖 ∈ 𝒩 (15) 

The 220 kV buses take 𝑢 ∈ [0.95ଶ, 1.05ଶ]; the turbine terminals and the 35 kV nodes 
take 𝑢௜ ≤ 1.068ଶ p.u. The terminal trip threshold is 1.07 p.u., and 1.068 p.u. is adopted 
inside the SOCP so as to reserve a 0.002 p.u. margin for the SOCP–NR deviation; the meas-
ured SOCP–NR deviation of this coupled model is below 0.0005 p.u., so no larger margin 
is required. 

Other constraints. The branch thermal-stability constraint is 𝑙௜௝ ≤ 𝐼௜௝,୫ୟ୶ଶ  , where 𝐼௜௝,୫ୟ୶ is the rated current limit of branch (𝑖, 𝑗). The grid is taken as the system slack node 
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with voltage 𝑈଴, and both the export line and the tie line are included in the DistFlow tree. 
The PCC voltage of each station is an endogenous variable, determined self-consistently 
by the combined power flow of the two stations, so no additional voltage-command con-
straint is imposed. 

2.2.3. Objective Function 

The objective function comprises five terms: network loss, composite reactive mar-
gin, active and reactive delivery tracking error, curtailment penalty, and reactive dispatch 
cost. Terminal voltage security does not enter the objective; it is guaranteed directly by 
the node-wise hard voltage constraint of Equation (15). 

Objective 1: Network loss. 𝐹ଵ = ෍  𝑅௜௝(௜,௝)∈ℰ 𝑙௜௝ (16) 

Here, ℰ denotes all modeled series branches retained in the full-base DistFlow tree, 
including the internal networks of both stations, the 220 kV tie line, and the parallel-equiv-
alent export corridor. In the original DistFlow model, 𝑙௜௝ = ห𝐼௜௝หଶ is the squared current 
magnitude of branch (i,j); therefore, 𝑅௜௝𝑙௜௝ = 𝑅௜௝ห𝐼௜௝หଶ  is the active-power loss of that 
branch in p.u., and Equation (16) gives the total modeled-network active-power loss for 
one period. In the SOCP relaxation, 𝑙௜௝ is retained as the squared-current auxiliary varia-
ble and is linked to the branch power flow and sending-end squared voltage by Equation 
(14); the numerical tightness verification supports recovery of the physical squared-cur-
rent relation in the reported cases. In the rolling multi-period formulation, these per-pe-
riod active-power-loss terms are summed over the prediction horizon, and no time-step 
factor 𝛥௢ is included in this optimization term. 

Objective 2: Composite reactive margin. Using the auxiliary variables introduced ear-
lier, namely 𝑞௦ା (which satisfies 𝑞௦ା ≥ 𝑄௦ and 𝑞௦ା ≥ −𝑄௦, linearizing |𝑄௦|) and 𝑟௕ (which 
satisfies the second-order cone constraint (𝑃௕,𝑄௕, 𝑆௕ − 𝑟௕) ∈ SOC , i.e., ඥ𝑃௕ଶ + 𝑄௕ଶ + 𝑟௕ ≤𝑆௕), the composite reactive margin is defined as 

𝐹ଶ = −൭𝛼ௌ 1|𝒮|෍  𝑄௦,୫ୟ୶ − 𝑞௦ା𝑄௦,୫ୟ୶௦ + 𝛼஻ 1|ℬ|෍  𝑟௕𝑆௕௕ ൱ (17) 

where 𝛼ௌ and 𝛼஻ are the weighting coefficients of the SVG and storage margin terms. 
Minimizing 𝐹ଶ is equivalent to maximizing the sum of the two normalized margins. 

Objective 3: Active and reactive delivery tracking error of each station. Let the active 
and reactive power delivered by station 𝑠 be 𝑃out

(௦)(𝑡) and 𝑄out
(௦)(𝑡), both metered on the 

high-voltage side of that station�s main transformer; the tracking error is given by the slack 
variables introduced earlier: 

൝𝑃out
(௦) − 𝑃ref

demand,(௦) = 𝜉௉(௦)𝑄out
(௦) − 𝑄ref

(௦) = 𝜉ொ(௦)  (18) 

The tracking objective takes the sum of squares of the slack variables: 

𝐹ଷ = ෍  ൭𝑤௉෍  𝜉௉(௦)ଶ௧ (𝑡) + 𝑤ொ෍  𝜉ொ(௦)ଶ௧ (𝑡)൱௦   (19) 

Large weights 𝑤௉ and 𝑤ொ are used to approximate, in a soft-constraint manner, a 
hard tracking of each station�s active-power schedule and reactive-power command. The 
reactive power is tracked softly: when the reactive command is unreachable under the 
hard terminal voltage constraint, 𝑄out is allowed to deviate moderately from the com-
mand so as to give priority to terminal safety. Each station tracks its own command and 
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is metered on its own 220 kV bus, consistent with the actual operating mode in which the 
AVC issues commands to each step-up station separately. 

Objective 4: Curtailment penalty. 𝐹ସ = 𝑤curt ෍  ෍  𝑃௡curt௡∈𝒲∪𝒱௧ (𝑡) (20) 

where 𝑤curt is the unit penalty weight of curtailment, and the summation runs over all 
time steps and all wind and PV units. 

Objective 5: Economic cost of multiple reactive sources. To reflect the actual dispatch 
cost of each kind of reactive source and to embody the principle of “renewable reactive 
power first,” a unit cost is imposed on the reactive dispatch of each reactive source; the 
reactive power of the wind and PV units carries no cost and serves as the priority source: 

𝐹ହ = ෍  ൭𝑐ௌ෍  |௦∈𝒮 𝑄௦(𝑡)| + 𝑐஻෍  |௕∈ℬ 𝑄௕(𝑡)|൱௧  (21) 

where 𝑐ௌ and 𝑐஻ are the unit reactive-regulation costs of the SVG and the storage, taken 
as 0.70 CNY/Mvar for the SVG and 0.41 CNY/Mvar for the storage with reference to typi-
cal values in the literature; the synchronous condenser does not participate in the reactive 
regulation of this model and is therefore not counted. 

Composite objective: min𝐹 = 𝑤ଵ𝐹ଵ + 𝑤ଶ𝐹ଶ + 𝐹ଷ + 𝐹ସ + 𝐹ହ (22) 

where 𝐹ଵ takes a large weight, driving 𝑙௜௝ toward (𝑃௜௝ଶ + 𝑄௜௝ଶ )/𝑢௜ at the optimum. 
The objective coefficients were selected through hierarchical calibration rather than 

treated as interchangeable economic parameters because the objective components have 
different physical scales and operational roles. Voltage, current, device-capability, and 
SOC limits are directly enforced as hard constraints and are therefore not exchanged 
through objective weights. The active- and reactive-power tracking coefficients are as-
signed the highest soft priority to maintain the station-level dispatch commands while 
allowing deviations when a hard safety constraint becomes active. The network-loss and 
curtailment coefficients determine the principal soft trade-off between reducing modeled 
network losses and preserving renewable energy. The reactive-margin and reactive-
source-cost terms provide secondary discrimination among feasible solutions that already 
satisfy the safety and tracking requirements. The high-voltage-branch regularization co-
efficient is used primarily to maintain numerical tightness. Accordingly, the coefficients 
reported in Table A2 constitute a calibrated reference setting that balances command 
tracking, network-loss reduction, renewable-energy utilization, and numerical stability. 

To evaluate the robustness of this selection, a one-at-a-time sensitivity analysis was 
conducted by scaling five practically relevant coefficient groups to 0.5, 1.0, and 2.0 times 
their reference values under typical and heavy evening-peak operating conditions. The 
results identify command tracking and the loss–curtailment balance as the dominant sen-
sitivities, while the reactive-source-cost and high-voltage-regularization terms provide 
operating-condition-dependent refinement. The complete methodology and quantitative 
results are presented in Appendix C and Figure A2. 

2.3. SOCP Relaxation Solution and Rolling Multi-Period MPC 

This section presents the convexified solution form of the foregoing multi-source ac-
tive–reactive joint dispatch model, in the order of the single-period SOCP standard form 
and relaxation tightness, followed by the rolling multi-period MPC expansion. 

2.3.1. Single-Period SOCP Standard Form and Relaxation Tightness 
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SOCP standard form. Equation (17) has already been written explicitly through the 
auxiliary variables 𝑞௦ା and 𝑟௕ in the standard form of a linear objective plus SOC con-
straints; the absolute value |𝑄|  in Equation (21) is likewise linearized through 𝑞ା ≥0,  𝑞ା ≥ 𝑄,  𝑞ା ≥ −𝑄; and the squared tracking error 𝜉ଶ in Equation (19) is converted into 
a convex objective through the rotated second-order cone (𝜉,𝜎, 1) ∈ SOCrot . Taken to-
gether, the objective of Equations (16)–(22) and the full set of constraints of Equations (8)–
(15) constitute a standard second-order cone program, which can be automatically trans-
formed by CVXPY and solved by the CLARABEL solver. 

Relaxation tightness and numerical validation. The second-order cone relaxation 𝑙௜௝𝑢௜ ≥ 𝑃௜௝ଶ + 𝑄௜௝ଶ  in Equation (14) is the only source of approximation of the model relative 
to the original nonconvex AC OPF. The theoretical result that the SOCP relaxation is exact 
for radial networks under standard conditions can be found in [24,25]; this paper does not 
rely on that theoretical guarantee as its sole argument, but further confirms the relaxation 
tightness through the numerical validation of the case study. Specifically, the relaxation 
gap of branch (𝑖, 𝑗) at period 𝑡 is defined as 𝜖௜௝,௧ = 𝑙௜௝,௧𝑢௜,௧ − (𝑃௜௝,௧ଶ + 𝑄௜௝,௧ଶ ) ≥ 0 (23) 

Its maximum and mean over the 96 steps are tabulated separately for the 35 kV col-
lector branches and the 220 kV tie/export lines. 

Treatment of high-voltage branch relaxation degeneracy. The base contains 220 kV 
tie and export lines whose per-unit resistance is extremely small; under the operating con-
dition that combines reverse power flow with the terminal voltage upper limit, such 
branches may exhibit relaxation degeneracy, in which 𝑙௜௝ departs from the cone lower 
bound. For the branches ℰHV ⊂ ℰ whose two ends are both 220 kV nodes, a small current 
regularization term 𝜆∑  𝑙௜௝(௜,௝)∈ℰHV  is imposed, where 𝜆 is taken as about 10 times 𝑤ଵ, to 
pull the relaxation gap back to the cone lower bound. This regularization acts only on the 
extremely low-impedance high-voltage corridors, and its bias on the 35 kV collector 
branches and on the (𝑃,𝑄) decisions of each source at the optimum is numerically negli-
gible. 

2.3.2. Rolling Multi-Period SOCP-MPC 

Let the multi-period set be 𝒯, the outer step size Δ௢ = 15 min, and the number of 
prediction steps 𝑁. A set of SOCP variables is replicated for each period, and the cross-
period storage SOC coupling of Equation (12) together with a terminal SOC constraint is 
imposed. Each AVC cycle is solved on the basis of the 𝑁-step-ahead prediction, only the 
first step is executed, and after the SOC is advanced the problem is re-solved on a rolling 
basis. The SOC coupling is linear and does not break the second-order cone structure, so 
the multi-period problem remains a standard SOCP that can be solved online by open-
source solvers such as CLARABEL. 

In summary, the overall control structure of the proposed method is as follows: each 
station of the base receives the AVC reactive-power command and the active-power de-
livery schedule, and feeds them, together with the wind–PV forecast and the SOC meas-
urement, into the full-base coupled SOCP-MPC coordination optimizer; after solving, the 
active, reactive, and curtailment commands of each source are issued, and the terminal 
voltage and network loss are evaluated by power flow and fed back, forming a rolling 
closed loop. The resulting rolling SOCP–MPC procedure is summarized in Figure 2. 
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Figure 2. Flowchart of the rolling multi-period SOCP-MPC algorithm. 

3. Results 
3.1. Test System and Parameters 

A full-network simulation model is built on the actual wiring of the two real stations 
coupled in series through 220 kV, as shown in Figure 1. The main parameters are given 
below, with detailed data in Appendix A. 

Station A: 50 wind turbines with a total installed capacity of 555 MW, distributed 
over 25 collector branches at 35 kV; PV 200 MWp; storage 150 MW/600 MWh in 6 groups; 
SVG 150 Mvar in three 50 Mvar units on the 35 kV bus sections. Station B: 40 wind turbines 
with a total installed capacity of 445 MW, distributed over 20 collector branches; PV 300 
MWp; storage 150 MW/600 MWh in 6 groups; SVG 200 Mvar in four 50 Mvar units. The 
two stations together have 90 wind turbines, 500 MWp of PV aggregated into four subar-
rays, 300 MW/1200 MWh of storage in 12 groups, and 350 Mvar of SVG in seven 50 Mvar 
units. 

Coupling and delivery. Station A connects to the 220 kV bus of Station B through a 
tie line of about 4.9 km; Station B then feeds the grid through an export line of about 21 
km in two parallel circuits, with the grid taken as the system slack node. The power of 
both stations is aggregated and delivered through Station B, forming the series-coupled 
structure. The turbines of a desert-and-Gobi base are widely spaced and the collector lines 
are relatively long, so the collector lines in this paper are modeled by their geometric 
length. The main transformer takes its nominal turns ratio and does not participate in 
voltage regulation, because the AVC uses a reactive-power command rather than a volt-
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age command; the grid voltage is taken as 1.0 p.u. The whole network has 117 nodes; the 
two stations together with the tie line and the export line are merged into a single radial 
DistFlow tree, in which the double-circuit export line is treated as a parallel equivalent, 
and both the SOCP and the NR validation are based on this full-network topology. 

The simulation covers one typical day in 96 steps with a single step size of 15 min. 
After station-level spatial aggregation and smoothing of the synthetic-day data, the wind 
output ratio is about 0.16–0.90 and the PV ratio about 0–0.99; the active-power delivery 
schedule 𝑃ref

demand of each station takes a morning-and-evening double-peak shape with a 
midday trough; the reactive-power command 𝑄ref is decoupled from the active power 
and is set at two levels, typical and heavy. The model is constructed in Python/CVXPY 
1.4, and the SOCP part is solved by the open-source solver CLARABEL 0.6; the AC power-
flow validation is based on the same 117-node Newton–Raphson (NR) program, which 
shares the topology, impedances, and transformer parameters with the SOCP. Of the 117 
nodes, 90 are turbine terminals and the remaining 27 are 35 kV collector nodes, 220 kV 
buses, and the grid slack node. 

SOCP relaxation tightness and NR validation. The SOCP solution of the proposed 
method is substituted as a given injection into the NR power-flow model and solved step 
by step, and the branch relaxation gap 𝜖௜௝,௧ defined above is computed. The key errors 
over the 96 steps are summarized in Table 1: the maximum deviation of the network-wide 
node voltage is below 5 × 10ିସ p.u. and the mean deviation is on the order of 10ିସ p.u.; 
the maximum relaxation gap of both subsets, the 35 kV collector branches and the 220 kV 
high-voltage corridors, is below 10ିଷ, and no case occurred in which the SOCP solution 
was infeasible under the NR model. The numerical results indicate that, within the two 
operating conditions and parameter ranges studied here, the SOCP relaxation remains 
tight, and the obtained solution can serve as a high-accuracy feasible solution of the orig-
inal nonconvex power-flow model; its maximum voltage deviation from the NR solution, 
below 5 × 10ିସ p.u., is far smaller than the 0.002 p.u. margin reserved by the terminal 
hard constraint, so the objective–constraint combination is numerically closed on the cases 
studied. 

Table 1. Error statistics of the SOCP solution against the NR power-flow validation. 

Error Metric Maximum Mean 
Terminal voltage deviation, all turbines (p.u.) <5 × 10−4 ~1 × 10−4 

35 kV node voltage deviation (p.u.) <5 × 10−4 ~1 × 10−4 
220 kV bus voltage deviation (p.u.) <2 × 10−4 <1 × 10−4 

35 kV collector-branch relaxation gap 𝜖௜௝,௧ <1 × 10−3 <1 × 10−5 
220 kV high-voltage-branch relaxation gap 𝜖௜௝,௧ <1 × 10−3 <1 × 10−5 

Station delivered active-power error (MW) <0.5 <0.1 
Station delivered reactive-power error (Mvar) <0.3 <0.1 

The terminal voltage takes 1.07 p.u. as the typical setting of the turbine high-voltage 
protection, hereafter called the “trip threshold,” and a “terminal over-voltage instance” 
denotes a turbine–time sample in the simulation whose terminal voltage exceeds 1.07 p.u. 
This index quantifies the number of samples for which a turbine enters the high-voltage 
protection risk zone. The compliance rate of the 90 turbine terminals over the 96 steps is 
the fraction of samples that satisfy 𝑈term ≤ 1.07 p.u. Two different control strategies are 
applied to the renewable energy base: the coordinated active–reactive optimal control 
method proposed in this paper, and the unified power factor control method commonly 
used in engineering. 
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3.2. Typical Condition 

3.2.1. Command Tracking Accuracy 

As Figure 3 shows, the active and reactive curves of the proposed method almost 
coincide with the black dashed command line over all 96 steps, and the tracking accuracy 
is at an engineering-negligible level. The curve of unified power factor control follows the 
command at most instants, but shows a visible active-power deviation during periods of 
wind–PV surplus or under-delivery, its active-power tracking accuracy being about one 
order of magnitude lower than that of the proposed method. Both methods can closely 
track the same reactive command. The real difference between the two methods lies in the 
terminal voltage and network-loss cost paid to track the same reactive command, which 
is developed in the following subsections. 

 
(a) (b) 

 
(c) (d) 

Figure 3. Delivery tracking curves of each station under the typical condition: (a) active power of 
Station A; (b) active power of Station B; (c) reactive power of Station A; (d) reactive power of Sta-
tion B. In each panel, the blue, red, and black dashed lines denote unified power factor control, the 
proposed method, and the dispatch/AVC command, respectively. 

3.2.2. Capability of the Coordinated Control to Govern Terminal Voltage 

As Figure 4a shows, under unified power factor control, the terminal voltage of the 
whole base forms several local spikes along the time–turbine directions, some of which 
have already broken through the semi-transparent 1.07 p.u. reference plane, correspond-
ing to the 157 terminal over-voltage instances in Table 2. In Figure 4b the surface of the 
proposed method is much flatter overall: every terminal voltage stays below the reference 
plane for the whole horizon, with a peak of only 1.068 p.u. This comparison shows that 
the proposed method jointly optimizes the reactive outputs of the modeled WT, PV, SVG, 
and storage resources while tracking the same reactive-power command. Resources 
whose outputs have a smaller effect on terminal-voltage rise therefore provide a larger 
share of the required reactive power. This spatial allocation avoids the local terminal over-
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voltage observed under unified power factor control. Under that baseline, renewable units 
inject reactive power locally at the same power factor, thereby increasing the voltages of 
end-of-feeder WT terminals along long collector lines. 

(a) (b) 

Figure 4. Terminal voltage of all 90 wind turbines over time under the typical condition: (a) unified 
power factor control; (b) the proposed method. The semi-transparent red plane marks the 1.07 p.u. 
trip threshold. On the surface plots, blue-to-red shading denotes increasing terminal-voltage mag-
nitude. 

Table 2. Key metrics under the typical condition; the statistics aggregate the terminals of all 90 wind 
turbines of the base over all time steps. 

Scheme 
Terminal Compli-

ance @1.07 
Over-Voltage Instances 

(>1.07) 
Terminal Max 

(p.u.) 
Total Network Loss 

(MWh) 
Unified power factor control 98.2% 157 1.086 156.8 

Proposed method 100% 0 1.068 136.5 
Note: Bold values indicate the results obtained with the proposed method. 

As Figure 5 shows, the hourly maximum terminal voltage of unified power factor 
control closely approaches or crosses the 1.07 p.u. red dashed line at several instants, con-
sistent with the 157 over-voltage instances in Table 2. The bars of the proposed method 
stay below the threshold throughout the 24 h, leaving a safety margin of more than 0.002 
p.u. to the threshold. This margin is consistent with the 1.068ଶ p.u. terminal hard con-
straint set in the model, verifying from the external-characteristic side the rationality of 
the hard constraint and the reserved SOCP–NR deviation. 

 

Figure 5. Hourly maximum terminal voltage under the typical condition. 
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3.2.3. Capability of the Coordinated Control to Optimize Network Loss 

As Figure 6 shows, the red curve of the proposed method lies below the blue baseline 
of unified power factor control during most periods, and the green fill between the two 
corresponds to the instantaneous loss reduction of the proposed method relative to the 
baseline; the cumulative result is a 14.1% reduction in the network loss per delivered en-
ergy, with the absolute 24 h loss reduced by 13.0%. The physical source of the loss reduc-
tion is the spatial optimization of renewable reactive power: instead of distributing reac-
tive power proportionally and uniformly among the turbines along the long collector lines 
as unified power factor control does, the proposed method lets reactive power be borne 
more by units close to the PCC with short transmission paths, thereby shortening the av-
erage transmission path of reactive power in the collector network and markedly lowering 
the I2R loss along the long collector lines. 

 

Figure 6. Time-series network loss of the base under the typical condition. 

3.3. Heavy Condition (𝑄ref Evening Peak About 155 Mvar/Station) 

3.3.1. Command Tracking Accuracy 

Figure 7 gives the active and reactive tracking curves under the heavy condition, 
whose overall shape is highly similar to that of Figure 3: the curve of the proposed method 
almost coincides with the command over all 96 steps, whereas the curve of unified power 
factor control shows a visible active-power deviation during periods of wind–PV surplus 
or under-delivery. Both methods can closely track the same reactive command. 

  
(a) (b) 
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(c) (d) 

Figure 7. Active and reactive delivery tracking curves of each station under the heavy condition: (a) 
active power of Station A; (b) active power of Station B; (c) reactive power of Station A; (d) reactive 
power of Station B. Line styles are the same as in Figure 3. 

3.3.2. Capability of the Coordinated Control to Govern Terminal Voltage 

In Figure 8a the surface under unified power factor control shows a large area of red 
spikes breaking through the 1.07 p.u. reference plane, corresponding to the 479 over-volt-
age instances in Table 3 with a peak as high as 1.098 p.u. In Figure 8b the surface of the 
proposed method still lies entirely below the reference plane, with an upper limit of only 
1.068 p.u. Compared with the typical-condition comparison in Figure 4, the over-limit area 
of the baseline under the heavy condition expands from scattered points to broad bands, 
and its severity is magnified several-fold; the proposed method, by contrast, still main-
tains a violation-free state over the whole horizon after the command level is markedly 
raised, indicating that the convex SOCP framework has a robust capability to constrain 
terminal voltage under both reactive conditions tested. 

 
(a) (b) 

Figure 8. Terminal voltage of all 90 wind turbines over time under the heavy condition: (a) unified 
power factor control; (b) the proposed method. The semi-transparent red plane marks the 1.07 p.u. 
trip threshold. On the surface plots, blue-to-red shading denotes increasing terminal-voltage mag-
nitude. 

Table 3. Daily energy balance and network loss of the base under the heavy and typical conditions. 

Quantity (MWh) Baseline (Heavy) Proposed (Heavy) Baseline (Typical) Proposed (Typical) 
Available wind–PV energy (MPPT) 14,764 14,764 14,764 14,764 

Curtailed energy 3400 3333 3400 3282 
Utilized wind–PV energy 11,365 11,431 11,365 11,483 

Grid-side storage net charge 499 449 499 499 
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Delivered energy 10,708 10,847 10,709 10,847 
Daily network loss 157.8 135.4 156.8 136.5 

Loss per delivered energy (%) 1.474 1.248 1.464 1.258 

As Figure 9 shows, the hourly maximum voltage of unified power factor control 
clearly crosses the 1.07 p.u. threshold at several instants around the evening peak, corrob-
orating both the 479 over-voltage instances in Table 3 and the red spike band in Figure 8a. 
The bars of the proposed method are stably held near 1.068 p.u. over the 24 h, exactly as 
in Figure 5 for the typical condition. The comparison of the two bar charts shows that, 
under both the moderate and heavy reactive conditions tested, the proposed method 
maintains a robust capability to constrain terminal voltage. 

 

Figure 9. Hourly maximum terminal voltage under the heavy condition. 

3.3.3. Capability of the Coordinated Control to Optimize Network Loss 

It should be noted that the time-series network loss of the proposed method in Figure 
10 approaches or slightly exceeds the baseline during the wind–PV surplus periods from 
evening to late night. Step-by-step diagnosis shows that these differences arise from the 
different ways the two methods dispose of surplus power: the baseline directly curtails 
the excess wind and PV, the curtailed power does not flow through the collector network, 
and the network loss of that step is therefore lower, at the cost of wind curtailment and 
insufficient active delivery; the proposed method, by contrast, avoids curtailment as far 
as possible and charges the surplus into storage for later delivery, so that the charging 
power flows through the collector lines and the I2R loss of that step is correspondingly 
higher. The proposed method trades the instantaneous high loss of a few surplus steps for 
less curtailment and more accommodation over the whole day; the local time-series cross-
ings are therefore an expected and reasonable phenomenon. 

Because the two methods deliver, curtail, and pass different amounts of energy 
through the network, the network loss is assessed on the full-day energy balance and nor-
malized by the delivered energy, as summarized in Table 3. 

As Table 3 shows, under both conditions the proposed method delivers more energy 
and curtails less wind and PV than unified power factor control, and by accommodating 
more renewable energy it passes more energy through the collector network. Even so, its 
loss per delivered energy falls from 1.474% to 1.248% under the heavy condition and from 
1.464% to 1.258% under the typical condition, a normalized reduction of 15.3% and 14.1%, 
respectively. The absolute daily network loss falls by 14.2% under the heavy condition 
and by 13.0% under the typical condition. 
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As in the typical condition, this reduction arises from the spatial reallocation of re-
newable reactive power: reactive power is borne more by units close to the PCC with short 
transmission paths, which shortens the average reactive transmission path in the collector 
network and lowers the I2R loss along the long collector lines. 

 

Figure 10. Time-series network loss of the base under the heavy condition. 

3.3.4. Cross-Period Storage Scheduling 

Figure 11a shows that the active-power balance over the day exhibits the typical 
structure of renewable-dominated generation with storage peak-shaving: during the 
WT+PV surplus periods such as early morning, 4–7 h, and midday, 12–16 h, the storage 
charges with 𝑃stor < 0  to keep the active delivery from exceeding 𝑃demand ; during the 
morning and evening peaks, 7–10 h and 16–22 h, when WT+PV cannot match 𝑃demand, the 
storage discharges with 𝑃stor > 0 to make up the shortfall; the sum of the green WT+PV 
output and the orange storage output always closely follows the black dashed 𝑃demand, 
quantitatively confirming the accurate tracking of the active-power delivery schedule by 
the proposed method. Figure 11b shows that the average SOC trajectories of the two meth-
ods are highly consistent in overall shape: starting from an initial value of 0.5, the SOC 
charges to about 0.88 in the early morning, discharges to a daily minimum of about 0.40 
at the morning peak, charges to the 0.90 upper limit at midday, discharges to about 0.75 
at the evening peak, and recovers overnight to a final value of about 0.86 under the heavy 
condition and 0.90 under the typical condition; the storage therefore ends the day with 
net stored energy instead of returning to its initial 0.5, consistent with the grid-side storage 
net charge row of Table 3 and reflecting that the available wind–PV energy exceeds the 
delivery schedule. This trajectory shape reflects that, under the same 𝑃demand and SOC 
limits, the energy-scheduling task of the storage is itself nearly determined. A subtle dif-
ference exists between the two methods: the SOC of the proposed method at the evening 
peak is about 0.05–0.1 lower than that of the baseline, originating from the different sur-
plus-disposal strategies; that is, the proposed method tracks 𝑃demand accurately and ab-
sorbs more surplus into storage for delivery during the later high-demand periods, corre-
sponding to the operating feature of less curtailment and more accommodation. The stor-
age reaches the 0.90 upper limit several times and approaches the 0.40 region within the 
24 h, indicating that the cross-period SOC constraint is necessary for maintaining the en-
ergy boundary of the storage, in agreement with the cross-period coupling and terminal 
SOC design of Equation (12) in the rolling multi-period MPC framework. 
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(a) (b) 

Figure 11. Operation of the base under the heavy condition: (a) active-power balance, showing 
WT+PV actual output, storage charging/discharging, and the active-power delivery schedule 𝑃demand; (b) base-average state of charge of the storage under the two methods. In (b), the gray and 
red curves denote unified power factor control and the proposed method, respectively. In panel (a), 
the black dashed curve denotes the active-power delivery schedule, Pdemand. 

3.3.5. Summary of Key Metrics 

Table 4 summarizes the key performance metrics of the two control strategies under the 
heavy condition. 

Table 4. Key metrics under the heavy condition; the statistics aggregate the terminals of all 90 wind 
turbines of the base over all time steps. 

Scheme Terminal Com-
pliance @1.07 

Over-Voltage Instances 
(>1.07) 

Terminal Max 
(p.u.) 

Total Network Loss 
(MWh) 

Unified power factor control 94.5% 479 1.098 157.8 
Proposed method 100% 0 1.068 135.4 

Note: Bold values indicate the results obtained with the proposed method. 

3.4. Robustness of the Rolling Closed Loop to Forecast Error 

The foregoing case studies use deterministic output. To examine the feedback value 
of the rolling multi-period framework under uncertainty, a correlated forecast error is in-
jected into the wind and PV output (wind RMS 12%, PV 8%, AR(1)-correlated), and two 
execution modes are compared on the realized output: an open-loop mode that commits 
the dispatch computed from the forecast without re-solving, and a closed-loop mode that 
re-solves on a rolling basis after measuring the realized output at each step and executes 
only the first step. Both modes look ahead with the forecast only; the aggregate results are 
listed in Table 5. 

Table 5. Terminal voltage security and tracking accuracy of open-loop versus rolling closed-loop 
execution under forecast error (heavy/typical condition). 

Execution Mode Terminal Max (p.u.) Over-Voltage  
Instances 

Reactive Tracking Error Max (Mvar) 

Open loop (no feedback) 1.072/1.068 27/0 11.7/10.2 
Rolling closed loop (proposed) 1.068/1.068 0/0 1.2/0.3 

As Table 5 shows, on the realized output the open-loop execution suffers a reactive-
power mismatch caused by the forecast deviation: under the heavy condition the terminal 
voltage exceeds the trip threshold in 27 instances (peak 1.072 p.u.) and the reactive track-
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ing error reaches 11.7 Mvar, while under the typical condition, whose reactive stress is 
lower, it incurs no over-voltage yet still leaves a 10.2 Mvar tracking error. The rolling 
closed loop re-solves with the measured output at every step, holding the terminal voltage 
at 1.068 p.u. with no over-voltage and keeping the reactive tracking error within 1.2 Mvar. 

As Figure 12 shows, the open-loop terminal voltage tracks close to the closed loop 
for most of the day but overshoots the 1.07 p.u. threshold around the evening peak, where 
the forecast under-predicts the renewable output; the rolling closed loop instead re-solves 
on the measured output and holds the maximum terminal voltage at 1.068 p.u. through-
out. 

 

Figure 12. Maximum terminal voltage over time under wind–PV forecast error (heavy condition), 
for open-loop versus rolling closed-loop execution, with the 1.07 p.u. trip threshold. 

As Figure 13 shows, the open-loop reactive tracking error fluctuates strongly with 
the forecast deviation and reaches about 12 Mvar, whereas the rolling closed loop keeps 
it close to zero throughout. The value of the rolling closed loop thus lies in terminal volt-
age security and command-tracking correction under uncertainty, which is precisely the 
purpose of embedding the present model in a rolling multi-period framework. 
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Figure 13. Maximum reactive tracking error over time under wind–PV forecast error (heavy condi-
tion), for open-loop versus rolling closed-loop execution. 

3.5. Algorithm Performance 

The modeled full-base network contains 117 nodes, including 90 wind-turbine termi-
nals, four aggregated PV subarrays, seven SVGs, and 12 storage resources. At each rolling 
update, the proposed SOCP-MPC solves a four-period prediction problem corresponding 
to a 1 h look-ahead horizon and executes only the first control action. Before CVXPY ca-
nonicalization, the implemented four-period problem contains 2832 scalar decision varia-
bles, 1492 scalar equality constraints, and 3196 scalar inequality constraints. The formula-
tion is a continuous SOCP without integer variables, and the network, device, and oper-
ating constraints are organized as repeated per-period blocks coupled through the storage 
SOC equations. 

The computational environment is reported in Table A3. Under the heavy operating 
condition, five repeated four-period MPC optimizations required 3.70–3.85 s end to end, 
with an average of 3.80 s and a worst observed value of 3.85 s. The end-to-end time in-
cludes model construction, CVXPY canonicalization, and numerical optimization, 
whereas the solver-reported numerical solution time averaged 0.041 s; the ex post New-
ton–Raphson validation is performed separately and is not included in this timing. Since 
the rolling dispatch interval is 15 min (900 s), the worst observed wall time occupies ap-
proximately 0.43% of one dispatch cycle, leaving more than a 230-fold computational mar-
gin. The proposed framework therefore satisfies the real-time operational requirement of 
the modeled large-scale two-station renewable energy base. 

3.6. Parameter Sensitivity Analysis 

A one-at-a-time sensitivity analysis was conducted using the four-period evening 
high-stress horizon under both the typical and heavy operating conditions. Three groups 
of parameters were examined while all other network parameters, operating constraints, 
objective weights, dispatch commands, and initial SOC values were held fixed. First, re-
newable availability, representing the operational renewable penetration level, was var-
ied by multiplying the available wind/PV power profiles by 0.8, 1.0, and 1.2, subject to 
their rated-power limits. Second, the storage converter apparent-power rating and energy 
capacity were simultaneously multiplied by 0.75, 1.0, and 1.25. Third, the modeled termi-
nal-voltage upper limit was set to 1.066, 1.068, and 1.070 p.u. The resulting maximum tur-
bine-terminal voltage, modeled full-base network loss per delivered energy, and renewa-
ble curtailment are summarized in Table 6. 

Table 6. One-at-a-time sensitivity results for renewable availability, storage capacity, and the termi-
nal-voltage limit. 

Parameter and Tested Values Maximum Terminal Voltage 
(p.u.), Typical/Heavy 

Loss per Delivered Energy 
(%), Typical/Heavy 

Curtailment (MWh), 
Typical/Heavy 

Renewable-availability factor: 
0.8/1.0/1.2 1.0660–1.0664/1.0680 2.251–2.776/2.222–2.690 12.7–167.8/21.8–183.7 

Storage apparent-power and en-
ergy capacity: 0.75/1.0/1.25 1.06636/1.0680 

2.59322–2.59323/2.52121–
2.52132 

approximately 
74.566/88.897–88.905 

Terminal-voltage upper limit: 
1.066/1.068/1.070 p.u. 1.0660–1.0664/1.0660–1.0700 2.5932–2.5934/2.459–2.569 74.55–74.57/81.6–99.3 

All 18 cases returned feasible solutions. Across the complete parameter sweep, the 
maximum active- and reactive-power tracking errors were 0.530 MW and 0.675 Mvar, re-
spectively; the storage SOC remained within 0.379–0.594; and the maximum conic relaxa-
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tion residual was 2.28 × 10⁻⁶\). Renewable availability was the principal factor affecting 
renewable curtailment and modeled full-base network loss per delivered energy. Chang-
ing the storage rating produced negligible changes in terminal voltage, command track-
ing, network loss, and curtailment, while increasing the storage capacity narrowed the 
normalized SOC range from 0.420–0.551 to 0.452–0.530 under the typical condition and 
from 0.391–0.552 to 0.434–0.531 under the heavy condition. Under the heavy condition, 
tightening the terminal-voltage upper limit from 1.070 to 1.066 p.u. increased the maxi-
mum reactive-power tracking error from 0.501 to 0.675 Mvar and renewable curtailment 
from 81.6 to 99.3 MWh, while reducing the loss per delivered energy from 2.569% to 
2.459%. These results demonstrate the robustness of the proposed method to variations in 
renewable availability, storage capacity, and the terminal-voltage limit, while revealing 
the trade-off among voltage security, command tracking, network loss, and renewable 
curtailment. 

4. Discussion and Conclusions 
For two real integrated wind–PV–storage renewable energy stations coupled in se-

ries through 220 kV lines, this paper establishes a full-network coupled convex optimiza-
tion model that jointly considers active and reactive power. The model takes the charging 
and discharging of storage, the wind and PV output, and the reactive power of all sources 
as the decision variables of the same SOCP. While tracking the AVC reactive-power com-
mand and the active-power delivery schedule of each station, it suppresses the terminal 
high-voltage risk through node-wise terminal voltage hard constraints and reduces the 
operating network loss; the model is embedded in a rolling multi-period MPC framework 
that jointly coordinates the cross-period charging and discharging of storage with the re-
active dispatch of all sources. The core physical basis of the proposed method is the law 
revealed by Equation (7): reactive power injected locally by a turbine at the end of a long 
collector line raises its terminal voltage far more than injection near the PCC. Instead of 
distributing reactive power proportionally and uniformly among the turbines as unified 
power factor control does, the proposed method jointly optimizes the active and reactive 
allocation of all renewable units, so that reactive power is borne more by units that have 
little terminal-raising effect and short transmission paths, thereby achieving the two ob-
jectives of terminal voltage security and loss reduction at the same time. The case results 
show that, compared with the unified power factor control baseline, the proposed method 
tracks the active and reactive delivery commands of each station accurately, keeps the 
terminal voltage of the whole base below the trip threshold over the whole horizon with 
no terminal over-voltage instance observed, and reduces the network loss per delivered 
energy by 14.1% under the typical condition and by 15.3% under the heavy condition; 
both gains arise from the spatial reallocation of renewable reactive power among the 
units. Under wind–PV forecast error, the rolling closed loop further maintains terminal 
voltage security that an open-loop schedule fails to hold. The main conclusions of this 
paper are as follows. 

1. Multi-station coordinated modeling. Different from the single-station equivalent 
treatment, this paper performs unified coordination on the full-network DistFlow 
tree of the two stations coupled in series through the tie line, and quantifies three 
kinds of inter-station coupling, namely power flow, voltage, and reactive resource, 
through a linearized relation. A station optimizing only its own indices, while ignor-
ing its interaction with the other station, may trigger terminal over-voltage at the 
neighboring station or raise the network-wide loss; full-network coupled optimiza-
tion is therefore, for this kind of topology, not merely a modeling refinement but an 
engineering necessity. 
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2. Convex optimization framework of joint active and reactive power. The cross-period 
charging and discharging of storage, the wind and PV output, and the reactive allo-
cation of all sources are unified as the decision variables of the same SOCP, with the 
dispatch economy of multiple reactive sources accounted for; numerical validation 
shows that the SOCP relaxation is well tightened on the system studied here, and 
after back-substitution into the AC power flow, the recovered operating point is AC-
feasible with a relaxation gap below 1 × 10−3, serving as a high-quality near-optimal 
solution of the original nonconvex OPF. On an i7-12700/32 GB RAM platform the 
single-step solving time is about 2–4 s, which is within the minute-level dispatch cy-
cle, so the method has the potential for online application within a minute-level cycle. 

3. Effectiveness of the terminal voltage security constraint. Using the terminal compli-
ance rate to quantify how close the terminal voltage is to the trip threshold, the pro-
posed method keeps the terminal voltage of the whole base below 1.068 p.u. under 
both the typical and heavy conditions, with no terminal over-voltage instance ob-
served; unified power factor control exhibits terminal over-limit under both condi-
tions, with the compliance rate falling to 98.2% and 94.5% and the over-voltage in-
stances numbering 157 and 479, respectively. The physical root lies in the difference 
in the spatial allocation of reactive power among the turbines: the proposed method 
jointly optimizes the reactive allocation of all renewable units under the terminal 
voltage constraint, so that it is borne more by units with little terminal-raising effect; 
the unified power factor baseline distributes reactive power proportionally and uni-
formly among the turbines, and the reactive power injected locally by the end-of-
feeder turbines on a long collector line raises the terminal voltage markedly. 
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Appendix A. Full Parameters of the Two-Station Test System 
This appendix gives the complete data of the anonymized test system built from the 

parameters of a real wind–PV–storage base, for independent reproduction. 
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Table A1. Installed capacity and topology parameters of the two stations. 

Parameter Station A Station B 
Wind turbines/total capacity 50/555 MW 40/445 MW 
Number of collector branches 25 20 

PV (MWp) 200 300 
Storage P/E 150 MW/600 MWh, 6 groups 150 MW/600 MWh, 6 groups 

Storage charge/discharge efficiency 𝜂௕ch/𝜂௕dis 0.95/0.95 0.95/0.95 
Storage SOC lower/upper limits 10%/90% 10%/90% 

SVG 3 × 50 Mvar 4 × 50 Mvar 
Main transformer 3 × 240 MVA, 𝑢௞ = 14% 3 × 240 MVA, 𝑢௞ = 14% 

Main transformer ratio 230/37 kV, fixed 230/37 kV, fixed 

220 kV channel. The tie line from Station A to Station B is about 4.9 km, with per-
unit-length 𝑟 = 0.06 Ω/km, 𝑥 = 0.40 Ω/km, and 𝑏 = 2.8 µS/km; the export line from Sta-
tion B to the grid is about 21 km in two parallel circuits, with the same parameters. The 35 
kV collector branches are modeled by the geometric length of each branch, with a length 
factor of 1.3 to reflect the long collector lines of a desert-and-Gobi base, and per-unit-
length 𝑟 = 0.27 Ω/km and 𝑥 = 0.35 Ω/km. The grid is taken as a fixed slack with 𝑈଴ = 1.0 
p.u., and the model does not include the equivalent impedance or short-circuit capacity 
of the grid. 

Table A2. Composite-objective weights and reactive costs. 

Parameter Value Unit/Note 𝑤ଵ (network loss) 1.0 × 101 per-unit 𝑤ଶ (reactive margin) 1.0 per-unit 𝑤௉ (active tracking) 2.0 × 104 soft-constraint weight, approximates hard active tracking 𝑤ொ (reactive tracking) 1.0 × 104 
soft-constraint weight, yields actively when the terminal hard con-

straint binds 𝑤curt (curtailment) 1.0 × 103 avoids unnecessary curtailment 𝑐ௌ (SVG reactive cost) 0.70 CNY/Mvar; representative multi-reactive-source economic value 
from the literature 𝑐஻ (storage reactive cost) 0.41 CNY/Mvar, as above 𝜆 (HV branch regularization) 1.0 × 102 acts only on branches with both ends at 220 kV 𝑢term

୫ୟ୶ 1.068ଶ p.u. adopted inside the SOCP, reserving a 0.002 p.u. margin for the NR 
deviation 𝑢220

୫ୟ୶/୫୧୬ 1.05ଶ/0.95ଶ upper/lower limits of the 220 kV buses 

Table A3. Solving and validation environment. 

Item Configuration 
Modeling Python 3.11 + CVXPY 1.4 

SOCP solver 
CLARABEL 0.6 (open-source; consistency check against MOSEK 10.0 from MO-
SEK ApS, Copenhagen, Denmark shows an objective-value deviation < 1 × 10−4 

on the cases tested) 
Power-flow validation Full-network 117-node Newton–Raphson, convergence threshold |Δ𝒙| < 10ି଺ 

MPC prediction horizon 𝑁 = 4 (1 h look-ahead), outer step size Δ௢ = 15 min 

Hardware 
Intel Core i7-12700 CPU (Intel Corporation, Santa Clara, CA, USA)/32 GB 

RAM/Windows 11 
Single-step SOCP solving time 2–4 s 
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Data anonymization note: The topology and installed capacities provided in this ap-
pendix originate from an actual project, and the per-unit-length line parameters are anon-
ymized and converted to typical engineering design values; the station names, geographic 
locations, and operator information have all been anonymized. This test system can be 
used as a representative case for wind–PV–storage bases of similar scale. 

Appendix B. Forecast-Error Sensitivity of the Rolling Closed Loop 
To determine whether the uncertainty results depend on a single forecast-error mag-

nitude or realization, an additional sensitivity analysis was conducted using three 
wind/PV forecast-error RMS levels: 8%/5%, 12%/8%, and 16%/11%, representing mild, 
baseline, and severe uncertainty, respectively. The AR(1) correlation coefficient was fixed 
at 0.7. Three independent error realizations were evaluated at each level under both the 
typical and heavy operating conditions. The network model, constraints, objective 
weights, dispatch commands, and 96-step simulation horizon were unchanged. The re-
sults are summarized in Table A4 and Figure A1. 

Table A4. Sensitivity of terminal voltage security and reactive tracking to the forecast-error RMS 
level. Values are the mean [minimum–maximum] over three independent error realizations. 

Condition Forecast-Error 
RMS (WT/PV) 

Execution Mode 
Maximum Terminal 

Voltage, Mean 
[Min–Max] (p.u.) 

Over-voltage 
Instances, 

Mean [Min–
Max] 

Maximum Reactive 
Tracking Error, Mean 

[Min–Max] (Mvar) 

Typical 8%/5% Open loop (no re-solving) 1.0684 [1.0672–
1.0698] 0.0 [0–0] 9.36 [8.59–10.61] 

Typical 8%/5% Rolling closed loop (pro-
posed) 

1.0680 [1.0680–
1.0680] 

0.0 [0–0] 0.34 [0.34–0.34] 

Typical 12%/8% Open loop (no re-solving) 1.0687 [1.0669–
1.0708] 

1.3 [0–4] 13.26 [10.22–16.48] 

Typical 12%/8% Rolling closed loop (pro-
posed) 

1.0680 [1.0680–
1.0680] 

0.0 [0–0] 0.34 [0.34–0.34] 

Typical 16%/11% Open loop (no re-solving) 1.0693 [1.0674–
1.0717] 

4.7 [0–14] 18.13 [13.80–22.79] 

Typical 16%/11% Rolling closed loop (pro-
posed) 

1.0680 [1.0680–
1.0680] 

0.0 [0–0] 0.34 [0.34–0.34] 

Heavy 8%/5% Open loop (no re-solving) 1.0708 [1.0705–
1.0714] 

18.0 [8–33] 9.20 [8.13–10.58] 

Heavy 8%/5% Rolling closed loop (pro-
posed) 

1.0680 [1.0680–
1.0680] 

0.0 [0–0] 1.19 [1.18–1.19] 

Heavy 12%/8% Open loop (no re-solving) 1.0721 [1.0717–
1.0730] 

51.3 [27–93] 13.50 [11.65–16.40] 

Heavy 12%/8% Rolling closed loop (pro-
posed) 

1.0680 [1.0680–
1.0680] 

0.0 [0–0] 1.18 [1.17–1.19] 

Heavy 16%/11% Open loop (no re-solving) 1.0734 [1.0728–
1.0744] 

78.7 [45–142] 18.51 [15.87–22.65] 

Heavy 16%/11% 
Rolling closed loop (pro-

posed) 
1.0680 [1.0680–

1.0680] 0.0 [0–0] 1.17 [1.14–1.19] 

An over-voltage instance in Table A4 denotes one terminal–time pair with a voltage 
above 1.07 p.u. Under the typical condition, the mean maximum reactive tracking error of 
the open-loop execution increases from 9.36 to 18.13 Mvar as the forecast-error level in-
creases, whereas the corresponding rolling closed-loop value remains approximately 0.34 
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Mvar. Under the heavy condition, the mean maximum terminal voltage of the open-loop 
execution increases from 1.0708 to 1.0734 p.u., and its mean maximum reactive tracking 
error increases from 9.20 to 18.51 Mvar. By contrast, the rolling closed loop maintains the 
maximum terminal voltage at approximately 1.0680 p.u., produces no terminal over-volt-
age instance, and keeps the maximum reactive tracking error within 1.19 Mvar over all 
tested realizations. 

 

Figure A1. Sensitivity of the maximum terminal voltage and maximum reactive tracking error to 
the forecast-error RMS level under the typical and heavy operating conditions. The solid lines show 
the mean over three independent AR(1) forecast-error realizations, and the shaded bands show the 
observed minimum–maximum range. 

The sensitivity results show that open-loop execution becomes increasingly affected 
by the renewable-generation forecast error, particularly under the heavy operating condi-



Energies 2026, 19, 3572 28 of 31 
 

https://doi.org/10.3390/en19153572 

tion. Rolling re-optimization substantially reduces both the magnitude and the realiza-
tion-to-realization variation in the reactive tracking error while maintaining the terminal-
voltage limit throughout the tested uncertainty range. 

Appendix C. Weight-Coefficient Sensitivity Analysis 
A one-at-a-time sensitivity analysis was performed to quantify the influence of the 

objective-weight selection on the optimization results. Five coefficient groups were con-
sidered: (1) the active- and reactive-power tracking coefficients, (2) the network-loss coef-
ficient, (3) the curtailment coefficient, (4) the reactive-source-cost coefficient, and (5) the 
high-voltage-branch regularization coefficient. Each coefficient group was independently 
scaled to 0.5, 1.0, and 2.0 times its reference value, while the remaining coefficients and all 
operating parameters were kept unchanged. 

The analysis was conducted over the four-step, 1 h evening-peak optimization win-
dow beginning at time step 76. Two representative operating conditions were considered. 
The typical condition has a peak reactive-power demand of 120 Mvar, whereas the heavy 
condition has a peak reactive-power demand of 155 Mvar. The combination of five coeffi-
cient groups, three scaling factors, and two operating conditions resulted in 30 determin-
istic optimization cases. 
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Figure A2. Sensitivity of the optimization results to the objective-weight groups under typical and 
heavy evening-peak operating conditions. (a) Relative changes in the maximum active- and reac-
tive-power tracking errors when the tracking coefficients are varied. The reference active/reactive 
tracking errors are 0.518 MW/0.290 Mvar under the typical condition and 0.523 MW/0.562 Mvar 
under the heavy condition. (b) Network-loss–curtailment trajectories obtained by varying the net-
work-loss and curtailment coefficients. The arrows indicate an increase in the scaling factor from 0.5 
to 2.0, and the stars denote the reference setting. (c) Relative changes in the maximum reactive-
power tracking error and curtailed energy when the reactive-source-cost coefficient is varied. (d) 
Maximum relaxation residual obtained by varying the high-voltage-branch regularization coeffi-
cient. (e) Relative changes in the active- and reactive-power tracking errors associated with the high-
voltage-branch regularization coefficient. Each point represents one deterministic optimization re-
sult. Blue and red denote the typical and heavy operating conditions, respectively; marker shapes 
distinguish the corresponding metrics, as indicated in the panel legends. 

As shown in Figure A2a, the active- and reactive-power tracking errors decrease con-
sistently as the corresponding tracking coefficients increase. Under the typical condition, 
increasing the tracking-coefficient scaling factor from 0.5 to 2.0 reduces the maximum ac-
tive-power tracking error from 1.035 to 0.259 MW and the maximum reactive-power 
tracking error from 0.579 to 0.145 Mvar. Under the heavy condition, the corresponding 
errors decrease from 1.045 to 0.262 MW and from 1.108 to 0.283 Mvar, respectively. These 
results confirm that the tracking coefficients directly and consistently control command-
following accuracy. 

Figure A2b shows the principal trade-off between modeled network losses and re-
newable-energy curtailment. When the network-loss coefficient increases from 0.5 to 2.0 
times its reference value, the modeled loss rate decreases from 3.284% to 1.741% under 
the typical condition, while curtailed energy increases from 0.471 to 229.367 MWh. Under 
the heavy condition, the modeled loss rate decreases from 3.031% to 1.779%, while cur-
tailed energy increases from 31.972 to 226.038 MWh. The curtailment coefficient produces 
the opposite trajectory. Increasing this coefficient from 0.5 to 2.0 times its reference value 
reduces curtailed energy from 229.192 to 0.333 MWh under the typical condition and from 
224.852 to 30.142 MWh under the heavy condition, accompanied by increases in the mod-
eled loss rate from 1.744% to 3.284% and from 1.802% to 3.045%, respectively. The refer-
ence setting occupies an intermediate position along both trajectories and therefore pro-
vides an appropriate balance between network efficiency and renewable-energy utiliza-
tion. 

As shown in Figure A2c, variations in the reactive-source-cost coefficient have a 
smaller effect than variations in the tracking, network-loss, and curtailment coefficients. 
Under the typical condition, the maximum reactive-power tracking error remains approx-
imately 0.290 Mvar, and curtailed energy varies only from 74.322 to 74.566 MWh. Under 
the heavy condition, increasing the coefficient scaling factor from 0.5 to 2.0 changes the 
maximum reactive-power tracking error from 0.519 to 0.650 Mvar and curtailed energy 
from 85.168 to 96.010 MWh. This operating-condition-dependent response confirms that 
the reactive-source-cost term provides secondary refinement, particularly when the sys-
tem is subjected to a higher reactive-power demand. 

Figure A2d,e illustrate the influence of the high-voltage-branch regularization coef-
ficient. At the reference setting, the maximum relaxation residual is 1.05 × 10−7 under the 
typical condition and 4.52 × 10−8 under the heavy condition, representing the smallest 
residual among the three tested settings for both conditions. The reference coefficient 
therefore provides strong numerical tightness while maintaining satisfactory active- and 
reactive-power tracking performance. 
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Overall, the sensitivity analysis confirms the intended hierarchy of the objective func-
tion. The tracking coefficients primarily control command-following accuracy, the net-
work-loss and curtailment coefficients define the main operational trade-off, and the re-
active-source-cost and high-voltage-branch regularization coefficients provide secondary 
operational and numerical refinement. The reference coefficient set achieves a balanced 
solution under both typical and heavy operating conditions while preserving terminal-
voltage feasibility and a small relaxation gap. 
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