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ARTICLE INFO ABSTRACT

Keywords: Power systems in many developing economies face persistent supply deficits that are typically managed
Capacity expansion planning through undifferentiated load shedding. This approach ignores the diverse flexibility characteristics across
Mixed-integer programming consumer categories, imposing avoidable economic costs that a more targeted strategy could reduce. This paper
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Progressive hedging

proposes a two-stage stochastic capacity expansion planning model that co-optimizes generation investment,
independently sized battery power and energy capacities, flexible electric vehicle charging, and binary
scheduling of industrial demand-side management under demand and electric vehicle penetration uncertainties.
The first stage determines new generation and storage capacities, while the second stage optimizes hourly
dispatch, storage operation, and maintenance and work-shift curtailment schedules for industrial consumers.
System reliability risk is addressed through a Conditional Value-at-Risk measure on energy not served. The
resulting large-scale mixed-integer linear program is solved via Progressive Hedging decomposition, with the
load-shedding risk level treated as a first-stage consensus variable to preserve scenario separability. Case studies
based on the Pakistani power system show that the stochastic model reduces total expected cost by 1.84%
compared to its deterministic counterpart, coordinated demand-side flexibility lowers system cost by 1.04%
relative to the inflexible baseline, and the Progressive Hedging algorithm converges within 31 iterations for
instances with over 1.4 million binary variables. These results indicate that integrating demand-side flexibility
into stochastic capacity planning is an effective risk-aware strategy for deferring generation investment while
preserving reliability in supply-constrained systems.

1. Introduction work-shift off-days at comparatively low cost [5]. Coordinated demand-
side management (DSM) that accounts for these consumer-specific

1.1. Background scheduling constraints can reduce involuntary curtailment relative to
uniform rationing [6], which serves as an attractive short-term solution.

Electricity shortages and routine load shedding remain persistent Addressing the shortage over the long term, however, cannot rely on
problems in many developing economies, where demand consistently demand-side coordination alone. Instead it also requires well-planned
exceeds the generation capacity that can be reliably dispatched. In investment in new generation and storage capacity, so that demand

Pakistan, a combination of rapid demand growth, chronic under-
investment in generation, and heavy dependence on expensive im-
ported fuels has produced prolonged and frequent load shedding with
significant economic and social consequences [1]. Similar structural
power deficits and their economic consequences have been documented
in Nepal [2] and Brazil [3]. The conventional response is rolling
blackouts, in which distribution feeders are disconnected sequentially
for fixed durations regardless of the economic value of supply to
different consumer categories [4]. Many consumers, however, display
diverse flexibility characteristics that rolling blackouts do not exploit.
For instance, some industries can shift annual maintenance shutdowns
to periods of power shortage, while factories can reschedule weekly attention mechanisms [8], and explicitly embedding the uncertainty

flexibility and capacity expansion are considered jointly rather than in
isolation.

This joint problem is naturally formulated as a capacity expan-
sion planning (CEP) problem with DSM. In conventional CEP frame-
works, electricity demand is typically treated as an exogenous fixed
parameter, yet the uncertainties in future demand undermine the re-
liability of deterministic planning approaches [7]. Such uncertainty
admits two complementary remedies, i.e., improving the forecasts that
feed the planning model, for example through modern deep-learning
predictors such as long short-term memory networks enhanced with
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within the optimization through risk-aware stochastic formulations [9],
and this paper follows the latter route. Pakistan’s combination of an
acute supply deficit, a large industrial demand base, rising EV pene-
tration, and an undifferentiated rationing practice is therefore treated
as a representative case which provides a well-motivated setting for a
planning framework that jointly optimizes generation investment and
consumer-specific scheduling [10].

1.2. Literature review

1.2.1. Generation capacity expansion modeling approach

Generation capacity expansion planning has been studied exten-
sively over the past decades, evolving from early deterministic for-
mulations optimized against fixed demand forecasts toward two-stage
stochastic programming frameworks that separate irreversible first-
stage investment decisions from recourse operational decisions eval-
uated across uncertainty realizations. For instance, Ref. [11] applies
stochastic dynamic programming to generation expansion under hydro
uncertainty, establishing that explicitly modeling uncertainty leads
to materially different and less costly portfolios than deterministic
solutions. This is extended to market-based settings in [7], formu-
lating a two-stage stochastic problem that captures uncertainties in
both demand growth and electricity prices. The two-stage stochastic
programming framework, reviewed in [12], remains the dominant
modeling paradigm for CEP, where the first-stage investment decisions
are made before uncertainty is resolved, while second-stage operating
decisions adapt to each realized scenario. More recent work has ad-
dressed additional complexity, including Ref. [9], which incorporates
climate mitigation scenarios into a risk-balancing expansion model,
showing that ignoring long-term policy uncertainty can substantially
distort investment priorities. Ref. [13] provides a comprehensive re-
view of optimization models for power system expansion, highlighting
that most existing models treat either storage, demand response, or
generation investment in isolation, and that jointly modeling these
components under uncertainty remains an open research problem.

1.2.2. Battery energy storage systems in capacity expansion

Battery energy storage systems (BESS) have received growing at-
tention as a means of integrating variable renewables and deferring
investment in conventional peaking capacity. Ref. [14] shows that co-
optimizing grid-scale storage investment alongside generation planning
yields noticeably higher economic value than treating storage as an
afterthought, particularly when renewable penetration is high. More re-
cently, Ref. [15] develops a capacity expansion model that co-optimizes
conventional generation, renewables, and long-term energy storage
to assess how a capacity market mechanism affects investment and
reliability under high renewable penetration, finding that long-term
storage alone is insufficient to ensure adequacy without complementary
firm capacity, while Ref. [16] also co-optimizes storage investment
with network expansion under both long- and short-term uncertainties,
confirming the growing planning value of storage under uncertainty. A
distinguishing feature of BESS planning, compared with conventional
generation, is that power conversion system (PCS) capacity and battery
energy capacity must be optimized separately, since storage duration is
itself a decision variable rather than a fixed technical parameter. Incor-
porating BESS into large-scale stochastic planning problems introduces
increased computational difficulty, because state-of-charge dynamics
couple operational decisions across consecutive time periods, which is
addressed in [17] by applying a progressive hedging decomposition to
the joint problem of battery sizing, siting, and dispatch, using temporal
coupling of state-of-charge variables across scenario boundaries. The
present work adopts a similar decomposition philosophy for the Pak-
istan system, extending it to include joint optimization of generation
investment, BESS sizing, and demand-side management.
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1.2.3. Demand side management in capacity expansion

In the context of capacity expansion, DSM can reduce the need for
new peaking plant by making existing capacity more productive. As
demonstrated in [6], even modest DSM participation can materially
reduce the required generation investment by flattening peak demand,
while Ref. [18] shows that demand response programs, when modeled
within a stochastic dynamic expansion framework, alter the optimal
technology mix and reduce system costs. And Ref. [19] further shows
that incorporating heterogeneous demand-side resources in transmis-
sion and generation planning reduces both capital expenditure and
operating costs compared with a generation-only expansion. Beyond
centralized planning, demand-side flexibility is increasingly coordi-
nated through market-based and multi-agent frameworks. In deregu-
lated settings, a bi-level market-based investment model further shows
that flexible demand reshapes generation investment decisions through
both energy shifting and reserve provision [20]. A bi-level multi-energy
scheduling model has been developed for virtual power plants operat-
ing in a competitive market environment [21], and a multi-objective
bi-level framework has been proposed to represent the distribution
system operator’s behavior across the wholesale and local transactive
markets [22].

DSM is particularly relevant in developing countries, where supply—
demand imbalances are common and the infrastructure required for
price-based demand response is often absent. While the technical po-
tential is large, implementation of DR in developing economies is
constrained by weak regulatory frameworks and limited metering in-
frastructure [23]. This study also identifies industrial load shifting as
the most immediately practical DSM mechanism. Following this obser-
vation, our paper models two forms of industrial DSM, i.e., scheduled
maintenance curtailment and flexible work-shift rescheduling. More-
over, electric vehicle adoption introduces an increasing and structurally
new source of electricity demand in recent years. Load growth from
EVs poses challenges to the already strained system and would require
new generation capacity [24]. Nevertheless, the charging demand of
EVs is flexible and could mitigate generation reliability issues if man-
aged properly, making joint planning of generation capacity and EV
flexibility with industrial demand response a practical need.

1.2.4. Decomposition algorithms for capacity expansion

The computational burden of large-scale stochastic CEP problems
has motivated a range of decomposition strategies, such as Benders-
based methods, Lagrangian relaxation schemes, etc [13].

Benders decomposition remains the most widely adopted frame-
work, with recent variants addressing reliability-constrained stochas-
tic CEP with EENS and CVaR constraints [25] and improving com-
putational performance through regularization [26]. Lagrangian re-
laxation has been applied to CEP with explicit EENS constraints by
dualizing the cross-scenario reliability coupling and solving the re-
sulting subproblems via subgradient methods [27]. However, Benders-
based approaches require continuous recourse for generating valid dual
cuts, which is incompatible with the binary DSM scheduling variables
present in the second stage of our model, and Lagrangian relaxation of
cross-scenario constraints requires problem-specific feasibility recovery
procedures.

The Progressive Hedging (PH) algorithm offers a scenario decompo-
sition alternative that naturally accommodates this structure. Originally
proposed for convex stochastic programs [28], PH was extended to
mixed-integer problems through augmented Lagrangian relaxation of
the non-anticipativity constraint [29]. Applications to stochastic energy
management [30], generation and transmission planning [31], and
joint battery sizing and dispatch [17] have demonstrated its suitability
for problems with binary variables, while parallel implementations
confirm its scalability to hundreds of scenarios [32]. PH is particularly
appropriate for the present model because it decomposes the prob-
lem into independent per-scenario MILPs each containing the binary
maintenance and work-shift scheduling constraints that can be solved
directly by off-the-shelf solvers, while the consensus and dual update
steps enforce agreement on first-stage investment decisions without
requiring continuous relaxations of the integer subproblems.
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1.3. Contributions and paper organization

Despite these advances, we have not found existing work that jointly
integrates generation investment, decoupled BESS sizing with separate
power-converter and energy-capacity decisions, flexible EV charging,
and binary industrial DSM scheduling covering both maintenance and
work-shift consumers within a unified risk-aware two-stage stochas-
tic capacity expansion planning framework. To address the current
research gaps, we aim to make the following contributions.

» From a modeling perspective, we propose a two-stage mixed-
integer stochastic optimization model for capacity expansion
planning that jointly optimizes generation investment, BESS
power and energy capacities, EV charging, and industrial curtail-
ment under demand and EV uncertainties, with system reliability
handled through a Conditional Value-at-Risk (CVaR) measure on
the energy not served (ENS).

We apply the Augmented Progressive Hedging Algorithm to solve
the proposed model by decomposing it into subproblems per sce-
nario, solving each independently and analyzing its convergence
behavior for the given stochastic formulation.

For the case studies based on the Pakistani power system, we
create the required input data using a multi-step reconstruction
process, and the results demonstrate the value and promise of our
model and solution technique.

The remainder of this paper is organized as follows. Section 2
presents the mathematical formulation of the proposed stochastic ca-
pacity expansion planning model. Section 3 describes the Progressive
Hedging solution methodology. Section 4 presents case studies based
on the Pakistani power system. Finally, Section 5 concludes the paper
and outlines directions for future research.

2. Model
2.1. Model framework

This section presents a two-stage stochastic optimization model that
co-optimizes generation investment, battery energy storage systems,
electric vehicle charging, and industrial demand-side management un-
der uncertainty. The model is formulated as a mixed-integer linear pro-
gram (MILP). First-stage decisions cover new generation capacity and
decoupled BESS power and energy capacities, while second-stage de-
cisions cover generation dispatch, BESS operation, EV charging, indus-
trial maintenance and work-shift scheduling, and load shedding. System
reliability is managed by limiting the Conditional Value-at-Risk (CVaR)
of the energy not served (ENS), following the Rockafellar-Uryasev
formulation [33].

The model framework is shown in Fig. 1. In the subsequent sections,
we present the mathematical model along with the notations, which are
also collected in Appendix.

2.2. Objective function

Y(C, +FOM,) x, + X (1CFS xFC5 1 1C2A 521
geg JjeJ
PCS __PCS BA | BA
+Z7(FOM/. XS + FOMP 124 )
je

+ ) P, [2 > (MC, +VOM,)p, .,

wEN teT g€C
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The model minimizes the total expected cost of expanding and oper-
ating the system, augmented with a risk term, as described by (1a).
The objective includes annualized capital investment costs for new
generation capacity x, across technologies g, and decoupled BESS
capacities including power conversion system xPCS with capital cost
IC}’CS, and battery energy capacity xj
storage unit j. Fixed operation and maintenance costs FOM,, FO
and FOM;3A apply annually to generation units and BESS components,
respectively. Expected operational costs, weighted by scenario prob-
ability P,, include the variable fuel cost MC,, variable O&M cost
VOM,, for generation dispatch p,,,; variable O&M cost VOM?‘ESS and
degradatlon cost DG; for BESS discharge pd‘S ; and the DSM cost C,
for curtailed 1ndustr1a1 load u,, , P,, where P is the rated consumption
of consumer n. The final term manages system reliability through the
Conditional Value-at-Risk (CVaR) of load shedding at confidence level
a € [0,1), weighted by a shedding-risk coefficient Cs" > 0. The variable
[VaR represents the Value-at-Risk level, i.e., the total load shedding
below which a fraction a of scenarios fall. The excess shedding variables
lfj“’ capture the amount by which total load shedding in scenario @
exceeds this level, as defined later in Section 2.3.1. The coefficient 11:
concentrates the penalty on the worst (1 — «) fraction of scenarios.
Setting C*P = VOLL and a = 0 recovers the risk-neutral model.

A with cap1tal cost IC?A, for each
PCS
MPCS,

2.3. Constraints

2.3.1. Power balance and reliability

Power balance is enforced by constraint (2a) at each time period
t and scenario w, requiring that total supply from generation, BESS
discharge, DSM curtailment, and load shedding equals total demand
comprising system load D, ,, flexible EV charging pt +» and BESS charg-
ing. Load shedding lfl; represents unmet demand at time ¢ under

scenario w.
d
Zpgtm"'zpjlysw"' Z ”n,t,mP +l rm+prw+zp1,wa
8€g JeJ neNMs JjEJ
VteT,Vw e Q. (2a)

Generation reliability is managed by limiting the Conditional Value-
at-Risk (CVaR) of load shedding. Constraint (3a) requires the excess
shedding variable lfuh*' to be at least the amount by which the total
scenario load shedding Y . lf}; exceeds the Value-at-Risk /V3R. Con-
straints (3b) and (3c) enforce non-negativity of the excess shedding
variable /" and the Value-at-Risk variable /V3R, respectively.

> Yk VR veoeQ, (3a)
teT

>0, Yoe®, (3b)

JACLI N} (30)

2.3.2. Flexible demand

The flexible demand considered in this paper includes industrial
DSM and smart charging for EVs. The former is explicitly modeled for
two classes of flexible industrial consumers. Maintenance-based con-
sumers n € N'M are required to undergo a single annual shutdown with
a predefined duration of DM days. The binary variable 4, ,,, indicates
whether consumer # is curtailed at time ¢ in scenario w. Constraint (4a)
enforces the total curtailment duration over the entire horizon. Conti-
guity of the maintenance period is ensured through the start indicator
niw USiNg constraint (4b). The curtailment status is tracked over
time using the state-transition constraint (4d). Constraints (4e) and
(4f) guarantee a unique start and end of the maintenance event, and
constraint (4g) restricts maintenance initiation to daily boundaries.

v
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Two-stage stochastic capacity expansion planning model

First-Stage Decisions Second-Stage
X, xF’CS BA,IVER Demand Uncertainty Operational Decisions
D, Pasaor P s Pur 15
‘ Generation capacity ‘
Scenario 1 ‘ Generation Dispatch ‘
‘ Battery capacity ‘
‘ BESS operation ‘ ‘ DSM scheduling‘
‘ PCS Capacity ‘
‘ EV scheduling ‘ ‘Shedding (sh+) ‘
‘ Shedding (VaR) ‘

Objective: min total cost
Investment + FOM cost + Expected operational cost + CVaR risk term

Decomposition using progressive hedging

Iterate

Solve Consensus %, [VR Update Dual +
Per-scenario MILP Weighted average Augmented Lagrangian

Fig. 1.

Representation of the proposed scheme, which consists of the two-stage stochastic capacity expansion planning model and the Progressive Hedging

decomposition. The upper panel illustrates the two-stage stochastic model: the first stage determines generation and storage investment decisions while the
second stage optimizes dispatch with flexible demand across demand scenarios. The lower panel depicts the Progressive Hedging algorithm, which decomposes
the full problem into independent per-scenario MILPs. System reliability is managed through a Conditional Value-at-Risk (CVaR) formulation.
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teT
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Work-shift consumers n € NS are modeled with flexible weekly
operation schedules. For each week w € W, the total curtailment
duration is enforced by (5a) using the required number of curtailed
days DS. Contiguity of shift curtailment is imposed through (5b), while
the evolution of the curtailment state is governed by (5d), with the
same boundary treatment at the first period as in the industry case.
Constraints (5e) and (5f) ensure exactly one start and one end event
per week, and constraint (5g) aligns all scheduling decisions with daily
boundaries.

Note that the model does not introduce additional curtailment
on top of the maintenance and work-shift patterns. Rather, it co-
optimizes the timing of these pre-existing off-periods within the ca-
pacity expansion plan, shifting them toward hours of system stress.

Y Huo=24D5, VneNS, VweWw, Voeg, (5a)

teTy,

t

Y Vi SHue YnENS Vi224D5 Vo€ £, (5b)
1'=1-24D5+1
Mt S Uprr YNENS 1=1, Vo€ Q, (5¢)
ﬂn,t,a) = ”n,t—l,(u + Un,!,w - ZnJA,a)’ Vne Ns’ vVieT \ {1 }7 Vo € _Q, (Sd)

z Uppw=1 VYneNS, Ywew, VoeQ, (5e)
€T,
Y Zyw=1 VYneNS VweWw, VoecQ, (59
1€,
Upto =0, If(—1)mod24#0,Vne NS, VoeQ. (58)

Electric vehicle charging is modeled as a flexible load that can be
scheduled optimally within availability windows. The maximum charg-
ing power for scenario w is computed as PEV = % -max,er {D; - 4y},
where ¢, is the scenario-specific EV penetration fraction and 4, is the
demand scaling factor. Constraint (6a) bounds charging at each period
by this maximum power scaled by availability factor a%) e [0,1],
which represents the fraction of EVs connected to the grid at hour-of-
day A(f) = ((t — 1) mod 24) + 1. Constraint (6b) ensures that each day
d € D receives the required total energy, computed as the product of
maximum charging power, 24 h, and average daily availability a*¥ =

214 i41 E , where H, denotes the set of 24 h in day d.

Py Sapy PRV, VieT, VoeQ, (62)
— ~EV EV
Zpt_w—24~a ~Pw,

t€M,

VdeD,Vw € Q. (6b)

2.3.3. Generation and storage limits

Perow <X +X)p,, VEEG VIET, Vo € Q. (7a)
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¢juw=Eo+n"pSh - # P, Vied i=1,VoeQ, (7b)
= ¢t + 1P - ni_ls ds . VieJ. VieT\{l},VoeQ,
(79

P, <SS, vjieg vieT, VoeQ, (7d)
p;.*j,f < fcl.’CS +xS, VjeJ, VieT, VoeQ, (7e)
o SN Vi€ g VieT, VoeQ, 79

i = EO, VjeJ, Vi€ {24,48,....|T|}, Vo € Q. (78)

Constraint (7a) bounds power generation by installed capacity,
comprising existing capacity ¥, and new investment x,, multiplied by
availability factor p,, which equals unity for conventional units and
follows meteorological profiles for solar and wind resources. The BESS
power variables p , and pdls are defined at the grid terminal of the
storage unit, and the BESS dynamlcs are governed by constraints (7b)
through (7g), applied to each storage unit j € J. Since the first
period has no predecessor, constraint (7b) initializes the state-of-charge
from reference level E,, while constraint (7c) tracks its evolution
for all subsequent periods in which conversion losses are represented
by multiplying the charging power pCh by the charging efficiency

h and dividing the discharging power pd‘S by the discharging effi-
c1ency n4, yielding a round-trip eff1c1ency of 5¢h ydis. Constraints (7d)
and (7e) bound charging and discharging rates by total installed PCS
capacity of unit j, comprising existing capacity xfCS and new invest-
ment xi_?cs. Constraint (7f) limits state-of-charge by total battery energy
capacity, comprising existing capacity ¥ and new investment xBA,
Constraint (7g) resets state-of-charge to E, at the end of each day,
simulating a daily cycle. The case study presented in Section 4 uses a
single BESS unit (|7 | = 1), but the formulation generalizes to multiple
units.

3. Decomposition via progressive hedging

The proposed MILP model poses computational challenges with
multiple coupled scenarios, therefore we employ the Progressive Hedg-
ing (PH) algorithm as depicted in the lower panel of Fig. 1 to solve it.
In PH, a copy of each first-stage variable is created for each scenario,
and the nonanticipativity constraint enforcing equality across scenarios
is relaxed and dualized. In addition to the conventional Lagrangian
term added to the objective, a proximal (quadratic penalty) term is
included, yielding an augmented Lagrangian subproblem for each sce-
nario w € Q. In the convex case, standard strong duality guarantees
convergence of the Progressive Hedging algorithm for an adequate
choice of the penalty parameters. However, because of the presence
of binary variables in the second-stage DSM scheduling decisions, the
scenario subproblems are mixed-integer programs and the overall prob-
lem is non-convex. Consequently, neither convergence nor optimality
at convergence is formally guaranteed, and the PH algorithm remains
a heuristic for our non-convex problem. A more detailed description
of PH itself is beyond the scope of this paper, and we refer interested
readers to [29].

The PH framework decomposes the full problem into independent
scenario subproblems, each a MILP solved separately using solvers, en-
abling straightforward parallelization across scenarios. Non-
anticipativity is enforced on the first-stage investment variables (x,,
x?cs, fo), which are common to all scenarios. By contrast, the bi-
nary maintenance and work-shift indicators (1,4, Up;ws> Znse) are
second-stage recourse decisions that are realized after the demand
and EV-penetration scenario is observed. Therefore, they are allowed
to differ across scenarios by construction and require no consensus.
This is the defining structure of the two-stage stochastic program, in
which non-anticipativity applies to the first-stage decisions, and the PH
consensus and dual updates act on the first-stage variables accordingly.
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In addition, the CVaR risk term couples the scenarios through the
scalar Value-at-Risk variable /V2R which is treated as an additional
first-stage non-anticipative variable, so each scenario subproblem keeps
a local copy V3R, and consensus on [V3R is reached through similar
probability-weighted averaging and dual update, while the scenario-
local excess load shedding variables l;}‘* require no consensus. The
risk term therefore preserves the full scenario decomposition without
introducing scenario-coupling constraints. Our PH implementation is
provided in Algorithm 1 and detailed below.
For each scenario w, we solve subproblem (8).

L, = Y (IC, +FOM,)x,,, + ) ((IcPCS + FOMPCS) yPCS
&0 jeJ

+(ICP* + FOM>™) fo) + ) D (MC, +VOM,) p, .,

teT geC
BESS, _ di
+ ) Y (DG, + VOMPESS) plis |
teT je€T
h [ ;VaR 1 she
+ 2 Y Gty P+ CE <1w'f1 e )
teT neN'MS

p
+Y [wg,w (g = Xg) + 5 (g = xg)z]

geg

PCS
PCS ( PCS _ £PCS J . PCS _ PCS\2
+Z[ (e =57 + == G j>]
JjeJ
pBA
BA (BA _ cBAy P BA _ BAVD
+Z[wj.w(xj,w_xj )+ 2(/w J )]
jeJ
aR
+ wVaR (lVaR lVaR)+ (IVaR ‘VaR)Z (8)
s.t. (2a)—(7g)
where x,, x°°5, and xBA are the current consensus targets, w, ,, wa}s,

and wBA are the dual multipliers, and p,, oS, pBA > 0 are the penalty
parameters Analogously, IV3R is the consensus target for the Value-
at-Risk variable, wYa® its dual multiplier, and pY3® > 0 its penalty
parameter. All dual multipliers are initialized to zero.

After all scenario subproblems are solved at iteration k, the consen-
sus targets and Value-at-Risk variable /V2R are updated as probability-
weighted averages, as in (9a)-(9d).

=Y p,xt,, Veeg, (9a)
weN

x}’cs»k“ =) P, xifjs’k, vjeJ, (9b)
weN

Scf““ = z P, xf‘;", vjied, (90)
wen

TVaR,k+1 — Z Pw lVaRk (9d)
weN

The dual multipliers are then updated using the deviation of each
scenario solution from the consensus, as in (10a)-(10d).

k+1 _  k k —k
L —wg’m+pg(xgm—x ), VgeQ Yowe L, (10a)
PCS,k+1 PCS,k PCS,k _ _PCSk .
T =Wl S (D -, vjed, Vee,  (10b)
BAk+l _  BAk , BA, BAk _ _BAk .
i =w;, 0 (x X ), VjeJ,VweEQ, (10¢)
wZ)aR,k+1 — anR‘k + pVaR (IZaR,k _ I’VaR,k)’ Vo e Q. (IOd)

Penalty parameters are initialized using a cost-proportional strategy
so that penalty magnitudes are commensurate with the scale of each in-
vestment decision, as in (11a)—(11c). The penalty for the Value-at-Risk
variable is scaled by the risk weight, as in (11d).

P = ppase - IC, +FOM,), Vg €, (11a)
PO = pge - ACPS +FOMPS), v e g, (11b)

p;aA,(O) = Dbase - (IC?A + FOM?A), vjed, (11¢)
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Algorithm 1 Progressive Hedging Algorithm

1: Input: Scenarios £ with probabilities {P,}, cost data, tolerances
€abss Erels €objs Edey, MAX iterations Kp,y.

2: Output: Consensus capacities %,, X5, ¥B4 and VaR IVeR,

3: // Phase 1: Initialization

4: for each w € 2 do

5.  Solve the unaugmented subproblem (8) (w = 0, p = 0, x =
0, IVaR = 0),

6: Record xg’w, xPCS: 0 xBA 0 J1VaRO, 0

7: end for

8: Initialize all dual multipliers to 0.

9: Set p,, pPCS, pBA, pVaR via Egs. (11a)—(11d).

10: Compute initial consensus via Eqgs. (9a)-(9d).

11: // Phase 2: PH iterations

12: for k=1,2,..., K, do

13:  Update consensus x¥, [Va&* via Egs. (9a)—(9d).

14: for each w € 2 do

15: Solve augmented subproblem (8) using the current consensus

xk, [VaRk and multipliers w,,.
PCSk (BAK VAR
2.0’ X > X

16: Record x¥
17:  end for
18:  Update dual multipliers via Egs. (10a)-(10d).

19: Compute r* (12a), rfcl (12b), E[f*], and the maximum deviation

as in (13).
20: if all four criteria in (13) are satisfied then
21: break
22: end if
23: end for

24: Return :‘c’g, xPCS.k zBAK [VaRk

pVaR,(O) = Phase * CSh. (11d)

The algorithm evaluates convergence using four complementary
metrics, computed over the first-stage capacity variables and the Value-
at-Risk variable /[VaR. The primal residual quantifies the probability-
weighted deviation of scenario-specific decisions from the consensus
solution, as defined in (12a), while the relative primal residual pro-

vides a scale-independent measure by normalizing this value with the
Euclidean norm of the consensus vector, as given in (12b).

rk:[zpm<z(x/;w_xk +z PCSk —PCSk>

WER g€eC

1/2
+Z ;3/;1( _BAk) (IXaR,k_I‘VaR,k)2>] i (12a)
jeJ
k
k r
rel = _PCS k _BAk vari 212
[Zeco(38) + Zyey (44 By (M) (Ve
X 100%. (12b)

Convergence is achieved when all four of the following conditions are
simultaneously satisfied.

E[f*]1 - E[f* 1]

k k
" < €abss e < Erels ‘ €obj>

E[fk1]
max { max ‘xk — )'ck‘, max ‘x?cs‘k - )'c].)cs’k | 13)
g | &® gl o, |Ti@ J

BAk _ _BA k VaR.k _ jVaRk
rgajx’ o ‘ max |1w i |} < €dey-

Here, E[f¥] = ¥ co P, f* denotes the probability-weighted expected
objective value.
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4. Case studies

In this section, we explain and discuss a set of numerical tests that
demonstrate the value of the proposed approach using Pakistan’s power
system, and the analysis is conducted in a forward-looking setting of
year 2030, to capture both medium-term investment decisions and
short-term operational variations.

4.1. Data construction and assumptions

4.1.1. Generation technologies and BESS

Legacy and candidate generation technologies are derived from
the Indicative Generation Capacity Expansion Plan (IGCEP) published
by the National Transmission and Dispatch Company (NTDC) [34].
The generation portfolio includes lignite, coal, biomass, open-cycle
gas turbines (OCGT), combined-cycle gas turbines (CCGT), wind, so-
lar photovoltaic (PV), and utility-scale BESS. Tables 1 and 2 present
the economic parameters of generation technologies and BESS. Fuel
costs and both variable and fixed operation and maintenance (O&M)
costs are based on the latest tariff determinations and quarterly in-
dexation reports published by the National Electric Power Regulatory
Authority (NEPRA) [35]. BESS parameters are adopted from the IG-
CEP report [36]. Other parameters, including forecasted investment
costs and emission factors, are sourced from [37,38], as these are not
publicly available for Pakistan.

To model renewable generation in the capacity expansion frame-
work, hourly capacity factor profiles are developed for both wind
and solar technologies. Wind resource characterization is conducted
using measured daily production data from operational wind farms
in Pakistan for 2016, obtained from NTDC [34]. The daily generation
profile was downscaled to hourly resolution using NASA MERRA-2 re-
analysis wind speed data [39] for the same geographic coordinates and
time period. The downscaling methodology employed a cubic power-
wind speed relationship, distributing hourly generation proportionally
to the cube of hourly wind speeds while preserving daily energy totals.
The resulting hourly profile was normalized and scaled to achieve
a target annual capacity factor of 42% for 2030 projections, reflect-
ing anticipated improvements in turbine technology and optimal site
selection [40].

In the absence of operational solar generation data from NTDC, solar
capacity factor profiles were synthesized using NASA CERES SYN1deg
satellite-derived irradiance data [39] for 2024. A composite hourly
profile was constructed by combining Global Horizontal Irradiance
(GHI) measurements from three major solar installations (Bahawalpur,
Layyah, and Sukkur), weighted by their respective installed capacities.
Hourly capacity factors were computed as CF, = (GHI,/1000) x PR,
where PR denotes the performance ratio, set at 0.80 to account for tem-
perature derating, soiling losses, inverter efficiency, and other system
losses [41]. The composite profile was normalized and scaled to a target
annual capacity factor of 23% for 2030, consistent with projected solar
technology improvements.

4.1.2. System load

The system load profile is characterized on an hourly basis across
the planning horizon, encompassing three peak demand growth scenar-
ios developed by NTDC [36], as depicted in Fig. 2(a). The long-term
electricity peak demand forecast distinguishes between low, normal,
and high growth trajectories to account for uncertainty in macroe-
conomic conditions and sectoral development patterns. The normal
growth scenario is adopted to construct the hourly demand profile for
2030.

Since hourly load data is not directly available from NTDC, the
methodology employs a multi-step reconstruction process. First, a base-
line hourly load profile for 2016 is constructed by combining daily peak
demand data and a representative daily load curve, both of which are
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Table 1
Economic parameters of candidate generation technologies.
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Technology Existing Investment Fixed O&M Variable O&M Fuel cost Emission factor
capacity (MW) cost (€/MW/yr) (€/MW/yr) (€/MWh) (€/MWh) (tCO,/MWh)
Lignite 3960 127,714 32,500 4.5 82.43 1.10
Coal 3300 113,523 25,600 3.6 91.34 0.95
CCGT 4046 54,633 15,000 2.0 78.49 0.40
Biomass 364 127,714 40,100 3.56 100.22 0.10
OCGT 6492 49,666 15,000 11.0 107.79 0.60
Wind 1845 82,375 14,000 0.18 0.00 0.00
Solar PV 650 47,041 10,800 0.0 0.00 0.00
Low Case Normal Case High Case Load Duration Curve =ssss= Average Load
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(a) Forecasted Peak Demand (2020-2030)

(b) Load Duration Curve for 2030

Fig. 2. Peak demand forecast and load characteristics of the Pakistani power system: (a) forecasted peak demand from 2020 to 2030 by NTDC, and (b) load

duration curve for 2030 created in this study.

Table 2

Economic and operational parameters of battery energy storage system.
Parameter PCS Battery
Existing capacity 50 MW 100 MWh

Investment cost
Fixed O&M cost

10,296 €/MW/yr
3000 €/MW/yr

20,592 €/MWh
8000 €/MWh/yr

Variable O&M cost 0.001 €/MWh 0.001 €/MWh
Charging efficiency 95%

Discharging efficiency 95%

Degradation cost 5.0 €/ MWh

publicly available on the NTDC website [34]. This reconstructed base-
line preserves the typical diurnal, weekly, and seasonal load variations
characteristic of the Pakistani power system. The profile is normalized
by the 2016 peak demand and scaled to the forecasted 2030 peak
demand under the normal case, yielding a scaling factor of 1.4656.
This proportional scaling preserves temporal load characteristics while
reflecting anticipated system growth, resulting in a profile of year 2030
with an average demand of 23,653 MW and a system load factor
of 69.57%. The corresponding load duration curve, presented in Fig.
2(b), exhibits a peak-to-minimum ratio of 3.39. For the case studies
presented in this work, this profile is further scaled to derive three
scenarios representing 80%, 100%, and 120% of the baseline demand
projection, assigned probabilities of 0.25, 0.50, and 0.25 in line with
the demand scenarios, yielding 3 x 8760 hourly time steps for analysis.

System reliability is managed through the Conditional Value-at-Risk
(CVaR) of load shedding computed at a confidence level « = 0.95,
which captures the expected load shedding across the worst (1—a) frac-
tion of scenarios. The model prices load shedding exclusively through
the CVaR risk term, weighted by a shedding-risk coefficient Cs! and the
value of it assumed to be €10,000/MWh.

4.1.3. Flexible demand

Electric vehicle integration is modeled to evaluate the power sys-
tem’s capability to accommodate projected charging demand. Across
the demand scenarios, EV fleet penetration levels of 5%, 6%, and 7%
are examined to assess system impacts under the progressive electrifica-
tion of the transportation sector. Baseline EV charging load is assumed
to constitute approximately 0.05% of current peak demand. Due to the
early stage of EV adoption in Pakistan and the lack of comprehensive
data on charging infrastructure capacity, EV demand is modeled as
an additional load proportional to the system peak demand. Charging
behavior is characterized using time-varying availability factors derived
from empirical data collected at a 630 kVA public charging station,
capturing representative daily charging patterns with peak demand
occurring during evening hours. The normalized charging availability
profile is illustrated in Fig. 3. We also conduct a sensitivity analysis on
the shape of charging availability profile in Section 4.2.3

Industrial demand-side management is modeled as two types of
flexible consumers, including maintenance-based consumers with an-
nual shutdown requirements and work-shift consumers with adjustable
weekly operating schedules. According to the IGCEP annual report in
2021, industrial consumption in Pakistan accounts for 23% of total
electricity demand [36]. Furthermore, based on the energy demand
forecasting analysis conducted for Pakistan using the LEAP model,
in 2030 the demand response potential is estimated to be 3.8% of
the peak load [42]. In this study, the total number of consumers
considered for curtailment is assumed to represent 15% of all current
industrial consumers. The operational characteristics of these flexible
loads, including flexibility constraints, penalty costs, and the number
of maintenance or off days associated with load shifting, are adopted
from [43]. The curtailment cost for these consumers is assumed to
be twice the fuel cost of the most expensive candidate generation
technology, and remains uniform across all working days of the week
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[ Availability Factor Peak Hour Table 5 o . .
. Model statistics in different cases and performance of the decomposition
I Minimum Hour = == Average
approach.
Metric Case 1 Case 2 Case 3

S Model statistics
et
X Continuous variables 289,140 788,460 762,180
L Binary variables 0 1,419,120 1,419,120
4? Constraints 342,765 2,246,883 2,215,620
-_rau Performance of PH
E Iterations - 31 30
< Primal residual (MW) - 0.4 0.4
Bl Relative residual (%) - 0.001 0.001
N Objective change (%) - 0.001 0.001
© Max capacity deviation (MW/MWh) - 1.07 1.09
£
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Fig. 3. Normalized hourly EV charging availability profile.

Table 3
Parameters of maintenance consumers.

Maintenance ID Maintenance power [MW] Maintenance duration [Day]

M1 100 3
M2 90 4
M3 80 3
M4 70 7
M5 60 3
M6 100 3
M7 100 3
M8 90 3
M9 90 3
Table 4

Parameters of work-shift consumers.
Work-shift ID Work-shift power [MW]

Work-shift duration [Day]

S1 60 2
S2 60 2
S3 70 2
S4 80 2
S5 100 2
S6 110 2
S7 120 2
S8 130 2
S9 140 2

and zero for Saturdays and Sundays treated as off days. The correspond-
ing parameters for maintenance-based and shift-based consumers are
summarized in Tables 3 and 4.

4.2. Results and discussion

To quantify the contribution of each flexibility source, three cases
are analyzed. In Case 1, industrial demand is assumed to be fully inelas-
tic and EV charging is incorporated without smart-charging capability,
representing a scenario in which EV load adds to system demand with-
out offering any scheduling flexibility. In Case 2, the full framework
co-optimizes maintenance scheduling, weekly work-shift adjustments,
and flexible EV charging. In Case 3, demand-side flexibility is limited
to industrial maintenance and work-shift scheduling, while EV charging
is included without smart-charging capability. In the following, we first
evaluate the performance of the Progressive Hedging decomposition in
Section 4.2.1. Then Section 4.2.2 compares the results of the proposed
model against the deterministic approach using Case 2. Based on the

proposed model, Section 4.2.3 analyzes and compares the investment
and operational outcomes across all three cases. Section 4.2.4 assesses
the impact of CVaR on system cost and load shedding.

4.2.1. Performance of the decomposition approach

Table 5 summarizes the model dimensions and convergence perfor-
mance across the three cases. The algorithm is considered converged
when four predefined criteria are met simultaneously, i.e., primal resid-
ual below e,,, = 1.0 MW, relative residual below ¢, = 0.2%, objective
change less than 0.2% between successive iterations, and maximum
first-stage deviation across scenarios within 2.0 MW. To reduce com-
putational overhead, each subproblem is built only once during the
initialization phase. In all subsequent PH iterations, only the consensus
targets X, dual multipliers w, and penalty weights p are updated, while
the model structure itself is preserved. The penalty parameters are
initialized in proportion to each technology’s investment cost as in
Egs. (11a)-(11c) using a single base scaling factor py,,, = 0.005, held
constant across all iterations, which keeps the augmented Lagrangian
terms well scaled across technologies with different capital costs.

Among the three cases, Case 2 is the most computationally de-
manding due to the binary work-shift scheduling variables in the DSM
formulation and the flexible charging of EVs, yielding the largest model
dimensions. The final primal residuals of Case 2 and 3 are well within
the prescribed tolerances, as shown in the lower section of Table
5, confirming that the decomposition approach produces consistent,
consensus-based investment decisions while remaining tractable for a
large-scale MILP with combinatorial DSM constraints.

4.2.2. Performance of the two-stage stochastic programming model

To evaluate the advantages of accounting for uncertainty in ca-
pacity expansion decisions, the proposed two-stage stochastic model
solved via Progressive Hedging is compared against a Deterministic
Formulation (DF). In the DF, all uncertain parameters are replaced by
their probability-weighted average. This benchmark corresponds to the
expected result of using the expected value solution (EEV), in which the
mean-value problem is solved and its first-stage decisions are evaluated
across all scenarios.

The total expected cost of each approach is reported in Table 6.
Under Case 2, which incorporates all flexible resources, the progressive
hedging approach achieves a total expected cost that is 1.84% lower
than the deterministic approach, as shown in the lower section of Table
6. This corresponds to a €267 million value of the stochastic solution
(VSS). This cost difference arises as the deterministic model underes-
timates the required capacity by relying on average conditions and
consequently depends more heavily on shortage penalties to maintain
energy balance when evaluated across the full scenario set. As detailed
in Table 6, the progressive hedging model recommends 62.02 GW of
new generation capacity, while the deterministic model invests in only
56.89 GW, approximately 8.27% less than the progressive hedging solu-
tion. The total system shortage in the deterministic formulation is 9.26
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Table 6

Results breakdown of the stochastic model and deterministic formulation.
Technology Case 1 Case 2 Case 3
Deterministic formulation
Generation investment (GW) 57.80 56.89 56.90
Battery (MWh) 720 450 452
PCS (MW) 341 212 216
System shortage (MWh) 105,410 105,434 105,434
Investment cost (Billion €) 6.73 6.62 6.63
Operation cost (Billion €) 7.99 7.96 7.97
Total cost (Billion €) 14.72 14.59 14.60
Stochastic model
Generation investment (GW) 62.91 62.02 62.03
Battery (MWh) 1119 1229 1269
PCS (MW) 469 428 440
System shortage (MWh) 15,327 11,385 11,271
Investment cost (Billion €) 7.44 7.35 7.36
Operation cost (Billion €) 7.03 6.97 6.97
Total cost (Billion €) 14.47 14.32 14.33
Cost reduction w.r.t DF (%) 1.66 1.84 1.83

times greater than in the progressive hedging. Due to the heavy penalty
associated with unserved energy, the shortage cost in the deterministic
case is approximately €1.05 billion, whereas in the PH approach it is
approximately €113.85 million, an 89.19% reduction. This is the major
driver of the overall cost difference, confirming that the deterministic
solution compromises generation reliability under uncertainty.

To quantify the solution quality of the proposed algorithm in terms
of the true optimality gap would require solving the full problem as a
single Extensive Formulation (EF), which is not possible on our hard-
ware, since the monolithic mixed-integer model exceeds the available
memory to Gurobi and an optimality gap cannot be obtained from
a single solve. This intractability is, in fact, what motivates the use
of the PH algorithm. To still quantify solution quality, we solved the
LP relaxation of the extensive formulation of Case 2 in which all
binary variables are relaxed to the continuous interval [0,1], thereby
obtaining a valid though loose lower bound. The LP relaxation yields
total system cost which is 1.44% less than progressive hedging. Recall
that the stochastic model solved by PH outperforms the deterministic
formulation by 1.84%, which indicates the algorithm achieves at least
56.6%' of the benefits of adopting stochastic formulation.

4.2.3. Analysis of system dispatch and demand-side flexibility resources

To compare the impacts of demand-side flexibility resources, we
define three cases at the beginning of Section 4.2. The resulting invest-
ment quantities and system reliability metrics for all three cases are
summarized in Table 6 and Fig. 4. We next analyze the investment and
operational outcomes for various cases.

4.2.3.1. Without demand-side flexibility resources. Case 1 represents the
baseline configuration, excluding all demand-side flexibility and as-
suming uncontrolled EV charging. It yields the highest generation
investment and system shortage, as depicted in the lower section of
Table 6, due to the absence of flexible resources within the capacity
expansion planning framework.

The operational dispatch of Case 1 without demand-side flexibility
resources is illustrated in Fig. 5(a) over a representative 6-day period
(Periods 4225-4368) under the demand of scenario 03. The dispatch
is dominated by renewables, with wind peaking at 28,107 MW and
solar at 17,529 MW, though their variability necessitates significant
thermal backup from CCGT, coal, and OCGT units during periods of
low renewable output. To further illustrate the impact of BESS on

1 This is calculated from the objective values of the different policies,
i.e., (DF—PH)/(DF —LP) = (14.593-14.325)/(14.593-14.11) = 0.268/0.483 ~
56.6%, where objective values are in billion €.
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shortage reduction and peak shaving, we plot the peak day (181) of
the entire time horizon in Fig. 6(a). During this day the system peak
reaches 41,175 MW and the BESS reaches a peak state of charge of
1219.8 MWh, operating actively and discharging up to 260 MW during
shortage hours, reducing the unserved energy by 5.78% on that day
alone. Though BESS contributes to reducing the unserved energy, it
has no measurable impact on peak shaving. In fact, because the peak
demand coincides with strong solar availability, the BESS is charging
at that hour and slightly raises the peak seen by generation by about
0.51%. The majority of its operation is devoted to energy arbitrage,
charging during periods of high renewable availability and discharging
when renewable output declines. Across the full horizon, the remaining
probability weighted unserved energy of scenario 3 of Case 1 still
amounts to 6771 MWh, which the CVaR-based risk formulation retains
as economically optimal rather than eliminating through additional
investment.

4.2.3.2. Contribution of all demand-side flexibility resources. Case 2 in-
troduces the full co-optimization framework, integrating all three
demand-side flexibility mechanisms maintenance-based industrial
scheduling, shift-flexible factory operations, and controllable EV charg-
ing alongside generation and storage investment decisions. This co-
optimization reduces the total system cost by 1.04% relative to the
baseline Case 1 as shown in Table 6. Correspondingly, the required
generation capacity decreases by 1.41%, indicating that demand-side
flexibility effectively substitutes for supply-side capacity.

The operational mechanism behind these investment savings is
illustrated in Fig. 5(b) for the same representative 6-day period (Pe-
riods 4225-4368). During this high-stress period, the system dispatch
remains dominated by renewables, whose variability necessitates no-
table thermal backup. The model schedules industrial and factory cur-
tailment during peak hours, while flexible EV charging is co-optimized
within a 24-hour window of each day. The detailed curtailment pat-
terns during peak hours of both industries and factories across all
demand scenarios within the window (Periods 4153-4704) are illus-
trated separately in Fig. 7. To further illustrate the combined impact
of demand-side flexibility and BESS on shortage reduction and peak
shaving, we plot the peak day of the entire horizon for Case 2, which
coincides with the same day as in Case 1, as shown in Fig. 6(b). On this
day, factory curtailment of up to 750 MW and industry curtailment of
up to 498 MW persist across the stressed hours, directly offsetting peak
thermal dispatch and reducing the unserved energy by about 25.72%.
The system-wide peak is reduced by about 20 MW relative to Case 1
and by 248 MW (about 0.59%) relative to Case 3. BESS, by contrast,
has no measurable impact on peak shaving and its operation is devoted
primarily to intra-day energy arbitrage. The combined reduction in
total system cost and in unserved energy during high-stress demand
periods, observed in Case 2, demonstrates the value of co-optimizing
flexible demand within the capacity expansion framework.

4.2.3.3. Contribution of smart EV charging. In Case 3, demand-side flex-
ibility is restricted to industrial maintenance and work-shift scheduling,
while EV charging is included without smart-charging capability. This
configuration yields a total system cost only about 0.06% higher than
Case 2, indicating a minor cost effect from treating EV load as inflexi-
ble. Because the operational dispatch, industrial curtailment schedules,
BESS sizing, and annual unserved energy are nearly identical to those
described for Case 2 in Section 4.2.3.2, a separate dispatch plot for
the same high-stress window (Periods 4225-4368) is omitted, and the
differences are confined to the timing of EV charging and the corre-
sponding thermal and storage adjustments. The distinctions relative
to Case 2 emerge most clearly on peak day 181, where the unserved
energy is reduced by about 26.51% relative to Case 1, approximately
matching the 25.72% reduction achieved in Case 2 and confirming that
industrial DSM is the dominant driver of shortage reduction. However,
inflexible EV charging shifts the optimizer toward larger midday BESS
uptake, so BESS charges at the solar-peak hour and raises the peak
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Fig. 5. Comparison of operational dispatch over a representative 6-day period (Periods 4225-4368) under scenario 03, where Fig. (a) shows Case 1 without

flexible resources and Fig. (b) shows Case 2 with flexible resources.

seen by generation by about 0.61%, exceeding the 0.51% effect in
Case 1, while still discharging up to 453 MW during shortage hours.
Consequently, the system-wide peak in Case 3 (41,404 MW) slightly ex-
ceeds that of Case 1 (41,175 MW), whereas Case 2 achieves the lowest
peak (41,155 MW). This contrast between Case 2 and Case 3 reveals
a division of roles within the proposed framework, where industrial
demand-side management is the dominant source of flexibility value for
shortage reduction, while controllable EV charging is the mechanism
responsible for peak shaving.

To check the impact of a different EV profile, a sensitivity analysis
has also been performed with an alternative midday-peaked profile of
the same daily energy, which changes the total system cost by only
0.034%, confirming that the results are insensitive to the profile’s exact
shape, which is due to the relatively lower EV penetration level.

4.2.4. Impacts of CVaR on system cost and load shedding
To examine how the shedding-risk coefficient C! and confidence
level « shape the planning outcome, we solve Case 1 of the stochastic

10

model over a grid of shedding-risk weights C*" & {500, 1000, 3000,
5000, 10,000} €/MWh and confidence levels « € {0.60, 0.70, 0.80,
0.90, 0.95}, recording the resulting total system cost and expected
system shortage. The analysis requires solving the model 25 times and
we did not choose Case 2 due to the computational challenges, but
the results from Case 1 would be advisory for Case 2. Fig. 8 reports
the total cost over this (a, Ch) grid. As shown in Fig. 8(a), increasing
Ch makes shortage in the worst scenarios more expensive, so the
model invests additional generation and storage capacity, the expected
system shortage is driven down, and the Value-at-Risk level /V3R is
consequently lowered. Over the grid the total system cost ranges from
€18.78 billion down to about €14.37 billion at (¢« = 0.70, C*" =
10,000 €/MWh). Correspondingly, the expected energy not served
decreases from 538,618 to 15,327 MWh.

Fig. 8(b) isolates the effect of a. Keeping C*" fixed while raising «
increases the CVaR multiplier applied to the excess load shedding lfu}”,
making worst-case shortage more costly. The model again responds by
adding generation and storage investment, so the expected shortage
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is consistently reduced. The effect on total cost, however, depends
on C". At low weights, tightening « from 0.60 to 0.95 lowers total
cost by about 9.6% at Csh 500 €/MWh, whereas at the highest
weight (C! = 10,000 €/MWh) the added capacity slightly outweighs
the savings and cost rises marginally by about 0.7%. Increasing both
parameters jointly yields the lowest expected shortage. This trade-off
makes the cost of incremental reliability explicit, allowing the planner
to select (a, CS1) consistent with a target adequacy level.

5. Conclusion

This paper developed a two-stage stochastic capacity expansion
planning model that jointly optimizes generation investment, indepen-
dently sized battery power and energy capacities, flexible electric vehi-
cle charging, and binary industrial demand-side management schedul-
ing under demand and electric vehicle penetration uncertainties, solv-
ing the resulting large-scale mixed-integer linear program through a
Progressive Hedging decomposition with a Conditional Value-at-Risk

11

penalty on the energy not served. Three principal findings emerge from
the case studies on the Pakistani power system. First, the stochastic
model produces more robust and cost-effective investment decisions,
achieving a total expected cost that is 1.84% lower than the determinis-
tic formulation, which underestimates the required capacity by relying
on average conditions and depends more heavily on shortage penalties
to maintain energy balance. Second, coordinating flexible demand
lowers total system cost by 1.04% compared to the inflexible baseline
Case 1, showing that industrial demand-side management supplies
critical operational flexibility in capacity-constrained systems without
additional generation investment. Third, the Progressive Hedging de-
composition reaches consensus investment decisions in 31 iterations
at a final primal residual of 0.4 MW, rendering a large mixed-integer
linear program tractable.

Several limitations point to directions for future work. First, electric
vehicle charging is currently modeled as an aggregate flexible load
scaled by a fixed penetration level, incorporating home and work
charging heterogeneity, driver behavior would allow more realistic
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Fig. 8. Comparison of total system cost sensitivity to the CVaR confidence level a and the shedding-risk weight C*".

modeling. In addition, by considering vehicle-to-grid capability would
allow electric vehicles to discharge back to the grid and provide ad-
ditional flexibility and adequacy under stressed scenarios. Second,
extending the industrial demand-side management formulation with
start-up and shutdown costs and minimum on and off times would
enable finer-grained mechanisms such as hourly load shifting in con-
tinuous processes. Finally, the single-bus (copper-plate) representa-
tion omits transmission constraints and the locational dependence of
demand-side flexibility; embedding network topology and transmission
capacity limits would let the locational value of demand-side man-
agement and the trade-off between generation, storage, and network
investment be assessed jointly.
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Appendix. Nomenclature

A.l. Sets
G Set of generation technologies
J Set of battery energy storage systems
NMS Set of all maintenance and work-shift consumers
NM Set of maintenance consumers, N'M c A/MS
NS Set of work-shift consumers, NS ¢ N'MS
T Set of time periods (hours) in the planning horizon

T Set of time periods belonging to week w

w Set of weeks in the planning horizon
D Set of days in the planning horizon
H, Set of hours belonging to day d
Q Set of uncertainty scenarios
A.2. Indices
g Generation technology, g € G
j Storage unit, j € J
n Industrial consumer, n € N'MS
t Time period (hour), r € T
w Scenario, w € 2
w Week, w e W
d Day, d € D
k Progressive Hedging iteration

A.3. Parameters

A.3.1. Investment and fixed costs

IC, Annualized investment cost of generation
technology g, [€/MW/yr]

FOM, Fixed operation and maintenance cost of
generation technology g, [€/MW/yr]

ICi.)Cs Annualized investment cost of power conversion
system j, [€/MW/yr]

FOM}.’CS Fixed O&M cost of power conversion system j,
[€/MW/yr]

ICi.3A Annualized investment cost of battery energy
capacity j, [€/MWh/yr]

FOM;3A Fixed O&M cost of battery energy capacity j,

[€/MWh/yr]
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A.3.2. Operational costs

MC,

VOM

DG,
VOMPESS
J

Marginal fuel cost of generation technology g,
[€/MWh]

Variable O&M cost of generation technology g,
[€/MWh]

Degradation cost of BESS discharge, [€/MWh]
Variable O&M cost of BESS j, [€/MWh]

Penalty cost for industrial curtailment in period 7,
[€/MWh]

A.3.3. System and operational parameters

Existing installed capacity of generation
technology g, [MW]

Existing installed power conversion system
capacity of BESS j, [MW]

Existing installed battery energy capacity of BESS
Jj, [MWh]

Availability factor of generation technology g in
period ¢, dimensionless

CO, emission factor of generation technology g,
[tCO,/MWh]

System electricity demand in period r under
scenario w, [MW]

Probability of scenario w, dimensionless

A.3.4. BESS parameters

Charging efficiency, dimensionless
Discharging efficiency, dimensionless
Initial and daily reference state of charge, [MWh]

A.3.5. DSM parameters

Rated power consumption of industrial consumer
n, [MW]

Required maintenance shutdown duration of
consumer n € N'M, [days]

Required weekly off-day duration of consumer

n e NS, [days]

A.3.6. EV parameters

b0
A

®
EV
P(u

EV
Ly

abVv

h(t)

EV penetration fraction in scenario w, [%]
Demand scaling factor in scenario w,
dimensionless

Maximum EV charging power in scenario w,
[MwW]

EV charging availability factor at hour-of-day A(r),
dimensionless

Average daily EV availability factor,
dimensionless

Hour-of-day mapping, A(t) = ( — 1) mod 24) + 1

A.3.7. Risk (CVaR) parameters

Csh

Shedding-risk coefficient; penalty weight on the
CVaR of energy not served, [€/MWh]

CVaR confidence level (tail probability 1 — a),
dimensionless
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A.3.8. Progressive hedging parameters

Pg
PCS
P
BA
J
VaR

p

p
Pbase
€abs
€rel
€obj
€dev

K,

max

Penalty parameter for generation technology g
Penalty parameter for PCS capacity of BESS j
Penalty parameter for battery capacity of BESS j

Penalty parameter for the Value-at-Risk variable
Base penalty scaling factor

Absolute primal residual tolerance, [MW/MWh]
Relative primal residual tolerance, [%]
Objective change tolerance, [%]

Maximum first-stage deviation tolerance,
[MW/MWh]

Maximum number of PH iterations

A.4. Decision variables

A.4.1. First-stage (investment) variables

A.4.2.

P g.1,0

St

Jol,@

o

A.4.3.
JVaR

Jsh+
@

A.4.4.

XPCS
J,@

BA
J.@

VaR

=i
S

-PCS.k
X
J
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New capacity of generation technology g, [MW]

New power conversion system capacity of BESS j,
[MW]
New battery energy capacity of BESS j, [MWh]

Second-stage (operational) variables

Power output of generation technology g in
period ¢ under scenario w, [MW]

BESS j charging power in period ¢ under scenario
w, [MW]

BESS j discharging power in period 7 under
scenario @, [MW]

State of charge of BESS j in period ¢ under
scenario w, [MWh]

EV charging power in period ¢ under scenario w,
[MW]

Binary variable, 1 if consumer » is curtailed in
period t under scenario @

Binary variable, 1 if consumer » starts curtailment
in period ¢ under scenario @

Binary variable, 1 if consumer » ends curtailment
in period ¢ under scenario @

Involuntary load shedding in period ¢ under
scenario w, [MW]

Risk (CVaR) variables

Value-at-Risk of load shedding; first-stage
(non-anticipative) consensus variable, [MWh]
Load shedding in excess of the Value-at-Risk in
scenario w, [MWh]

Progressive hedging variables

Scenario-specific generation capacity of
technology g in scenario w, [MW]
Scenario-specific PCS capacity of BESS j in
scenario w, [MW]

Scenario-specific battery capacity of BESS j in
scenario @, [MWh]

Scenario-specific (local copy of the) Value-at-Risk
in scenario w, [MWh]

Consensus generation capacity of technology g at
iteration k, [MW]

Consensus PCS capacity of BESS j at iteration k,
[MWw]
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X?A‘k Consensus battery capacity of BESS j at iteration
k, [MWh]

JVaR.k Consensus Value-at-Risk at iteration k, [MWh]

1k Augmented Lagrangian objective value of
scenario w at iteration k, [€]

rk Primal residual at iteration k, [MW/MWh]

'fel Relative primal residual at iteration k, [%]

Data availability

Data will be made available on request.
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