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Abstract— The increasing integration of distributed energy 

resources necessitates reliable and computationally efficient 

flexibility quantification at the transmission-distribution 

interface. Such quantification is essential to support coordination 

between Transmission System Operators (TSOs) and 

Distribution System Operators (DSOs). This paper addresses the 

computation of the feasible operating region (FOR) of a 

distribution system, defining the active-reactive power exchange 

at the point of common coupling. An optimization-based 

framework combining constrained power flow analysis with an 

iterative set-point–based boundary refinement strategy is 

implemented on a real Medium Voltage (MV) feeder operated by 

the Hellenic Electricity Distribution Network Operator 

(HEDNO). Differential Evolution (DE) is proposed and 

benchmarked against Particle Swarm Optimization (PSO) using 

a multi-seed statistical analysis to assess convergence behavior. 

Results show that DE converges faster and more consistently than 

PSO, achieving comparable FOR coverage at a lower 

computational cost, making it suitable for time-constrained, 

DSO-oriented applications.

Index Terms-- Distributed Energy Resources, DSO – TSO 

Coordination, Feasible Operating Region, Flexibility 

Quantification 

I. INTRODUCTION

The large-scale integration of distributed energy resources 
(DERs) at the distribution level has intensified the need for 
coordination between Transmission System Operators (TSOs) 
and Distribution System Operators (DSOs) [1]. As converter-
interfaced generation replaces conventional synchronous units, 
system reliability increasingly depends on flexible resources 
located in distribution network [2], [3]. However, the TSO 
typically lacks detailed observability and direct control over 
downstream grids, while the DSO, when responding to these 
flexibility requests, must ensure compliance with local voltage 
and thermal constraints. This necessitates a compact and 
privacy-preserving representation of distribution-level 
flexibility suitable for exchange across system operators. 

Region-Based (RB) flexibility quantification methods have 
emerged as a prominent solution, i.e. an alternative to scalar or 
metric-based indicators [4]. The Feasible Operating Region 
(FOR) is a key RB formulation, defining the set of active-
reactive power combinations at the point of common coupling 
(PCC) that can be safely delivered by the DSO while respecting 
network constraints and DER capabilities [5], [6], [7]. The FOR 
framework enables decentralized coordination, whereby the 
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DSO computes the feasible region locally and communicates it 
to the TSO for setpoint selection, avoiding centralized 
optimization and preserving grid confidentiality [4], [8], [9]. 

The methodologies for constructing the FOR are classified 
into Random Sampling (RS), Geometry-Based (GB), and 
Optimization-Based (OB) approaches [4], [10]. RS methods 
offer conceptual simplicity but require a prohibitively large 
number of power-flow evaluations to adequately capture the 
feasible boundary. GB approaches exploit geometric properties 
of the feasible set and can be computationally efficient, yet they 
rely on simplifying assumptions limiting their applicability 
under realistic, nonlinear network constraints. In contrast, OB 
methods are capable of directly finding boundary points while 
naturally handling nonconvexities and complex constraint 
interactions [4].  

Recent OB studies predominantly rely on metaheuristic and 
evolutionary algorithms, including Genetic Algorithms (GA) 
[11], Particle Swarm Optimization (PSO) [12], modified PSO 
[12], [13], and Multipart Evolutionary Training Algorithm 
(REvol) [13]. These methods have demonstrated strong 
boundary identification capabilities and robustness to 
nonlinearity. However, their performance depends critically on 
hyperparameter tuning, constraint-handling strategies, and 
stochastic initialization. Existing studies primarily evaluate OB 
approaches in terms of computational cost and the size of the 
extracted FOR, whereas aspects related to convergence 
consistency, stochastic variability, and run-to-run repeatability 
remain largely unexplored. 

These aspects are particularly critical for DSO applications, 
where FOR computation would be executed repeatedly under 
time-constrained operational and planning conditions. An 
optimization method that exhibits high run-to-run variability 
may undermine operational confidence, even if average 
performance appears satisfactory. Motivated by this gap, the 
present work investigates Differential Evolution (DE) as an 
optimization approach for OB FOR computation and evaluates 
its performance against the well-established PSO. Beyond 
conventional metrics, the analysis focuses on statistical 
convergence under stochastic initialization, including 
convergence speed, and computational efficiency under 
identical evaluation settings, in order to assess the practical 
suitability of evolutionary optimization methods in realistic 
DSO contexts. 

The rest of the paper is organized as follows. Section II 
describes the case study and flexibility aggregation. Section III 
the methodological framework including optimization-based 
FOR, Bayesian Optimization-based hyperparameter tuning 
procedure and the robustness assessment under multi-seed 
evaluation. Section IV reports the comparative results of DE 
and PSO, and Section V concludes the paper and outlines 
directions for future research. 

II. CASE STUDY DESCRIPTION 

The case study is conducted on a real medium-voltage (MV) 
feeder operated by the Hellenic Electricity Distribution 
Network Operator (HEDNO), modeled in pandapower [14]. 
The feeder is supplied by a 150/20 kV HV/MV substation, 
which serves as the PCC with the transmission system. All 

flexibility assessments refer to the active (�PCC) and reactive 
(�PCC) power that can be exchanged at the MV-side interface. 

The MV network follows a radial topology with multiple 
branches originating from the main feeder and supplies a set of 
59 MV/LV substations distributed along the line. Each 
transformer is rated between 50 kVA and 630 kVA. The 
behaviour of the low-voltage (LV) networks is represented in 
an aggregated manner at the MV/LV interface, which 
constitutes the level at which flexibility is evaluated. The 
system includes multiple aggregated load points and distributed 
photovoltaic (PV) installations, connected at both MV and LV 
level, as illustrated in Fig. 1. 

The flexibility available at the PCC originates exclusively 
from active power variations of LV customers. This reflects the 
fact that most operationally usable flexibility is located in the 
LV distribution grid. At this level, a high penetration of 
shiftable and curtailable loads allows consumption to be 
adjusted with relatively limited disruption compared to MV 
customers [15]. 

Unlike many existing FOR studies that rely on assumed or 
generic load profiles, this work utilizes real metering data from 
MV/LV transformers at secondary substations. Nevertheless, 
limited observability at the LV level remains a common 
challenge for many European DSOs, as real-time 
measurements are not available for all substations [16], [17]. To 
address this limitation, all substations within the case-study area 
were classified into urban and agricultural categories based on 
geographical and socio-economic characteristics. For 
substations without measurements, representative load profiles 
were statistically reconstructed using Dirichlet-sampled profile 
generation based on metered data from monitored substations 
of the same category, following the methodology in [18]. 

 

Figure 1.  Greek MV distribution feeder topology 
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III. FEASIBLE OPERATING REGION COMPUTATION AND 

CONVERGENCE ANALYSIS 

A. Optimization Based Feasible Operating Region 

This section presents the optimization-based framework 
employed to compute the FOR at the HV/MV interface between 
the selected distribution feeder and the transmission grid. The 
proposed approach combines constrained optimization with an 
iterative set-point-based sampling strategy [12], [19]. Starting 
from an initial convex approximation, the boundary of the 
feasible region is progressively refined by solving a sequence 
of directional optimization problems. The feasibility of each 
candidate operating point is evaluated through a Newton-
Raphson power flow (NR-PF) analysis, ensuring compliance 
with the physical and technical limits of the internal distribution 
network. 

The objective is initially formulated to determine the 
extreme feasible active and reactive power exchanges at the 
PCC. The initial directional objective is defined in (1): 

 ����� + �����  (1) 

where the coefficients �, � ∈ {0,1} are selected to maximize or 
minimize the active, ����  and reactive power, ����  exchanged 
at the transmission-distribution interface. This formulation 
yields four search directions, corresponding to the respective 

extreme operating points {����
��� , ����

��� , ����
��� , ����

���}, that 
define an initial convex approximation of the FOR. 

Specifically, ����
��� and ����

��� represent the maximum and 
minimum active power limits that can be exchanged at the PCC, 

while ����
��� and ����

���  denote the respective maximum and 
minimum reactive power limits. 

To further expand this initial region, an iterative refinement 
procedure has been designed. At each iteration, the convex hull 
of the currently identified boundary points is constructed. For 
every edge, its midpoint and corresponding outward normal 
vector are computed, defining a new directional objective: 

 −(������ + ������ ) (2) 

where (�� , ��) are the coefficients corresponding to the 

outward normal vector. Each directional objective is solved as 
a new optimization problem, and the resulting operating point 
is evaluated through a full NR PF. If the newly obtained point 
is feasible and its distance from the existing boundary points 
exceeds the predefined minimum threshold, it is added to the 
boundary set. The convex hull is then recomputed, generating 
new edges and outward directions. This process is repeated 
until no additional boundary points satisfying the distance 
criterion can be identified, or until a predefined maximum 
number of refinement iterations is reached. 

All optimization problems are subject to distribution system 
constraints, including bus voltage magnitude limits and line and 
transformer loading limits, as specified by the Greek DSO. 
Constraint violations are handled through penalty terms added 
to the objective function, discouraging infeasible solutions and 
guiding the optimization towards the admissible region. As a 

result, feasible operating points are preferentially identified, 
enabling a constrained optimization formulation without 
requiring explicit constraint handling within the algorithm. 

B. Evolutionary Algorithms Strategy for FOR Computation 

Although PSO has been widely adopted in OB FOR 
problems and has demonstrated satisfactory performance in 
several studies, it has also revealed certain limitations. 
Specifically, the convergence behavior of swarm-intelligence 
approaches can be sensitive to hyperparameter selection and 
problem formulation, potentially leading to variability in 
solution quality and repeatability across different optimization 
instances [4]. Moreover, existing comparative studies mainly 
focus on modified PSO [12] variants or contrast PSO with 
genetic algorithms [11], while systematic investigations of 
alternative evolutionary computation methods within the FOR 
framework remain limited. 

DE, belonging to the broader class of evolutionary 
computation algorithms, has been reported to exhibit enhanced 
robustness and consistency in solving optimal PF problems, 
particularly under nonconvex and highly constrained settings 
[4]. Compared to PSO, DE is less prone to premature 
convergence and has demonstrated more reliable exploration-
exploitation balance, despite sometimes with a higher 
computational cost. These characteristics make DE particularly 
suitable for the FOR identification, where convergence stability 
and repeatability of extreme operating points are critical. 
Motivated by these observations and the limited evaluation of 
DE for feasible area determination at the transmission-
distribution interface, DE is selected in this work as the primary 
optimization technique. The aim is to contribute to the 
assessment of algorithmic convergence behavior and reliability 
in RB flexibility quantification. 

C. Bayesian Optimization Hyperparameter Tuning 

To reduce the sensitivity of the iterative FOR boundary 
procedure to hyperparameter selection, Bayesian Optimization 
(BO) is employed to tune the optimization parameters in a 
systematic and sample-efficient manner. The same BO 
framework was applied to both DE and PSO, with an algorithm-
specific hyperparameterization in each case, while the FOR 
evaluation process was kept identical to ensure comparability. 
BO was selected over exhaustive or random search strategies 
due to its suitability for expensive black-box optimization 
problems [20] where each trial entails a computationally 
intensive FOR evaluation and only a limited number of 
evaluations is feasible. For the DE the hyperparameter vector is 
defined in (3):  

 � = [����, �, ��,  ���] (3) 

where the population size �pop ∈ [10,100], the mutation factor 

� ∈ [0.3,0.9], the crossover probability �� ∈ [0.5,0.9], and the 
maximum number of iterations  &'( ∈ [20,50]. These 
admissible ranges were selected based on preliminary testing to 
exclude unstable configurations and excessively slow 
executions. 
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Each BO evaluation executes a complete FOR computation 
using a candidate hyperparameter set �. This includes the four 
extreme directional optimizations defined in (1), followed by 
two boundary refinement iterations as described in (2). The 
outcome is summarized by the safe convex hull area *safe(�), 
obtained after filtering feasible points located near constraint 
violations to ensure conservative boundary identification, and 
the total runtime /(�). So, the tuning objective is defined 
through the scalar score: 

 0(�) = −
(12345(6))3

(7(6))8
  (4) 

where the exponents 9 = 1.5 and : = 1 regulate the relative 
importance of FOR coverage and computational efficiency, 
respectively. This promotes large, conservative FOR coverage 
while penalizing excessive computational effort. 

Failed trials, including numerical non-convergence, 
insufficient feasible boundary points, or violation of runtime 
limits, are penalized by assigning a large objective value. BO is 
implemented using a Gaussian Process surrogate model with an 
expected improvement acquisition strategy. Finally, the optimal 
hyperparameter configuration �∗ is returned together with the 
corresponding score 0(�∗). To ensure runtime predictability, 
which is relevant for operational use, each trial was executed in 
an isolated process with strict timeout enforcement. 

The hyperparameter configuration selected by BO for DE is 
summarized in Table I and corresponds to the optimal solution 
of the objective defined in (4). The selected parameters are used 
consistently in all subsequent simulations and comparative 
evaluations. 

TABLE I.  BAYESIAN OPTIMIZATION TUNED DE HYPERPARAMETERS  

Hyperparameter Symbol Value 

Population size ���� 15 

Mutation factor � 0.32 

Crossover probability �� 0.897 

Maximum number of iterations  ��� 39 

 

D. Statistical Convergence Analysis under Multi-Seed 

Evaluation 

To assess the convergence behavior of OB FOR 
computation under stochastic initialization, a multi-seed 
statistical analysis is conducted using 60 independent runs for 
both DE and PSO. For each run, the evolution of the computed 
safe convex hull was recorded across iterations. This enables 
evaluation not only of the average convergence trend, but also 
of run-to-run variability and the consistency of convergence 
speed across different random initializations. 

For this reason, the convergence-time metric /<< is 

introduced in (5). For each seed =, /<<
(>)

 is defined as the earliest 

iteration at which the computed FOR area reaches at least 99% 
of the final area achieved by that same run: 

 /<<
(>)

= min {C ∈ �: *(>)(C) ≥ 0.99*F���G

(>)
}  (5) 

where = denotes the random seed, *(>)(C) is the safe FOR at 

iteration C and *F���G

(>)
 FOR obtained at termination of run =. 

Using the final area of each run as reference avoids bias due to 
occasional underperformance and ensures that convergence 
speed is assessed relative to the achievable outcome of each 
stochastic run. Similar convergence-time indicators have been 
employed in the analysis of metaheuristic optimization methods 
to study their convergence behavior [21]. 

Fig. 2 presents the distribution of /<< across the 60 runs for 
both DE and PSO. The results reveal a clear difference between 
the two methods. DE exhibits a median /<< of two iterations, 
with a very narrow spread, indicating that nearly all runs 
stabilize after only a couple of iterations. In contrast, PSO 
shows a median /<< of seven iterations, accompanied by 
significantly higher dispersion, reflecting a stronger 
dependence on random initialization and less predictable 
convergence behavior. 

 

Figure 2.  Statistical convergence comparison of DE and PSO based on /<<. 

In probabilistic terms, 98.3% of DE runs reach 99% of their 
final area within four iterations, whereas only 23.3% of PSO 
runs achieve the same level of stabilization. This indicates that 
DE converges to a stable FOR estimate both faster and more 
consistently. From a DSO operational perspective, this 
behavior is particularly important, as distribution-level analyses 
are typically executed repeatedly under varying operating 
conditions in planning and assessment workflows [22]. 
Predictable convergence and limited sensitivity to stochastic 
initialization therefore constitute desirable properties for 
methods intended to support planning or decision-support 
applications. 

Based on this behavior, four boundary refinement iterations 
are adopted in the subsequent evaluation for both algorithms. 
This choice does not imply that PSO requires additional 
iterations to function correctly, but rather reflects the earlier and 
more consistent stabilization exhibited by DE under identical 
conditions.  

IV. RESULTS 

The performance of the proposed DE based FOR 
calculation is benchmarked against the PSO approach using the 
hyperparameter configurations identified through BO. The 
comparison in this section focuses on the extracted FOR size 
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and the computational efficiency. For a fair and consistent 
comparison, identical operational constraints are applied to 
both algorithms: transformer loading limits are set to 104%, line 
loading limits to 80%, and bus voltage limits to 0.95-1.05 p.u. 
The constraints are in accordance with HEDNO specifications 
or stricter. Moreover, both DE and PSO employ the same 
boundary refinement strategy and are executed with four 
refinement iterations to ensure comparable stopping conditions. 
To illustrate typical algorithm behavior, FOR boundaries are 
shown for a single representative run. This run is selected as the 
seed whose final convex hull area is closest to the median value 
across all runs. 

Comparing DE and PSO in Fig. 3 reveals distinct 
exploration behaviors in the �–� space. DE exhibits a 
structured exploration of the feasible region, where candidate 
solutions progressively concentrate around the boundary, 
forming a compact and well-defined area. The sampled points 
present limited dispersion inside the region and a clear 
concentration on the edges. This behavior indicates an effective 
balance between exploration and exploitation, allowing DE to 
identify boundary points with high consistency. 

  

Figure 3.  PSO and DE feasible and infeasible power flow evaluations. 

In contrast, PSO demonstrates wide dispersion and 
oversampling, both within the interior of the feasible region and 
beyond its boundaries. A large number of infeasible points are 
generated, indicating exploratory movements that frequently 
overshoot the constraint surface. Although PSO also reaches 
the feasible boundary, feasible and infeasible points tend to 
intermingle near it, resulting in increased sensitivity to penalty 
tuning and initialization. 

Fig. 4 also illustrates the feasible areas extracted as safe 
convex hulls, constructed exclusively from feasible operating 
points that remain at a sufficient distance from infeasible 
evaluations. The safe convex hulls obtained by DE and PSO are 
largely overlapping, indicating a high level of agreement in the 
identified FOR. Small deviations are observed along certain 
boundary segments, though they remain localized and of 
limited magnitude.  

 

Figure 4.  Safe Hull of Feasible Operating Regions shaped by PSO (blue) 

and DE (green). 

Overall, the extracted FOR boundaries obtained by DE and 
PSO are largely consistent, indicating that both algorithms 
converge to a comparable FOR. At the same time, noticeable 
differences arise in the manner the boundary is identified. DE 
approaches the FOR boundary in a more organized and 
repeatable manner, whereas PSO relies on broader exploratory 
dynamics that may introduce increased variability near 
infeasible regions. In the context of FOR determination, where 
precise and stable boundary representation is critical, the 
structured convergence behavior exhibited by DE constitutes a 
practical advantage. 

Table II summarizes the quantitative comparison between 
PSO and DE in terms of the extracted FOR area and the 
required computation time. Both algorithms yield nearly 
identical FOR areas, DE produces an area that is 0.24% smaller 
than that obtained by PSO, indicating practically identical 
boundary coverage. However, DE achieves a substantial 
reduction in computation time of 58.6% compared to PSO. This 
highlights the improved computational efficiency of DE 
without compromising the accuracy of the identified area. 

TABLE II.  COMPARISON BETWEEN PSO AND DE 

 PSO DE Comparison 

FOR area (HI ⋅ HK�L) 1.2721 1.2690 -0.24% 

Computation Time (s) 980.35 406.38 58.6% 

V. CONCLUSION 

This paper investigated the computation of the Feasible 
Operating Region at the transmission-distribution interface. An 
optimization-based FOR framework is applied to a real MV 
feeder operated by HEDNO, using Dirichlet-based sampling to 
generate synthetic load profiles for unmonitored LV substations 
Differential Evolution is proposed for feasible area 
computation. Its performance is evaluated against the well-
established Particle Swarm Optimization under an identical 
formulation, including the same boundary refinement strategy, 
constraint handling, and Bayesian Optimization-based 
hyperparameter tuning. Beyond feasible area size and 
computational cost, a multi-seed statistical convergence 
analysis and a dedicated convergence-time metric are employed 
to assess convergence consistency and stochastic variability 
relevant for practical deployment. 
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The results show that while DE and PSO produce highly 
similar FOR boundaries in terms of size, DE exhibits faster and 
more consistent convergence behavior. DE reaches stable FOR 
estimates within fewer refinement iterations and with 
significantly lower run-to-run variability, while also achieving 
a reduction in computation time exceeding 58% compared to 
PSO. These characteristics are particularly important from a 
DSO perspective, where flexibility-related analyses are 
performed repeatedly under time-constrained operational and 
planning conditions. More predictable convergence reduces 
computational burden, enhances confidence in the 
communicated flexibility availability, and limits sensitivity to 
stochastic initialization. 

As a future research direction, FOR-based flexibility 
quantification should be complemented by systematic 
uncertainty analysis, explicitly accounting for forecasting 
errors, measurement uncertainty, and evolving operating 
conditions, in order to further enhance the reliability of FOR as 
a reliable and efficient TSO-DSO coordination tool. 
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