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A B S T R A C T

Network Expansion Planning (NEP) plays a pivotal role in the development of power systems. It involves 
investing in new generating units and transmission lines to meet growing load demands and ensure a reliable 
electricity supply. Historically, the incorporation of demand response (DR) factors in power system planning has 
been limited due to their complexity and evaluation challenges. However, with advancements in smart grid 
technologies, increased integration of renewable energy, and the emergence of flexible loads, the inclusion of DR 
models has become crucial for enhancing power system reliability. While numerous studies have delved into 
generation and transmission expansion planning (GTEP) problems, only a few have explored the integration of 
network payment schemes and DR within the GTEP framework. This study proposes a multi-annual generation 
and transmission expansion planning model that incorporates three network payment schemes and two DR 
techniques. The objective is to secure financing for new generating units and transmission lines while minimizing 
the overall system cost. The proposed models employ the mixed-integer linear programming (MILP) optimization 
method and are validated using a modified IEEE 24-bus system. Two key system performance metrics, namely 
the network congestion index and network saturation index, are employed to assess system reliability and 
effectiveness. These results demonstrate that the integration of network payment schemes and DR techniques 
into the generation and transmission expansion planning model can lead to a cost reduction of 32.1% as 
compared to base model, reduced power system congestion and saturation (22.1%, 2.73%) to allow more 
renewable energy integration and enhanced power system reliability and operational flexibility.

Introduction

Network expansion planning (NEP) for power generation and 
transmission plays a pivotal role in upgrading the existing power 
infrastructure, given the increasing integration of renewable energy 
sources (RES) and dynamic system operating conditions. NEP involves 
investment in generating units and transmission lines to meet growing 
demand and ensure a reliable electricity supply. However, uncertainty 
about future load growth, innovations in smart grid technologies, and 
increased renewable energy integration require the NEP to incorporate 
diverse DR factors and payment schemes to enhance the efficiency and 
reliability of the power system. Additionally, the traditional planning 
approach, which relies on peak demand forecasts, struggles to mitigate 

the variability introduced by renewable generation, making DR an 
emerging solution [1]. To fully take advantage of DR in NEP, it is 
necessary to develop a market-based economic framework that sends 
accurate cost and value signals to all market participants through 
network payment schemes. The existing payment schemes for network 
systems, such as the postage scheme and power flow distance methods, 
lacked a payback mechanism after investment, leading to inefficiencies 
in the transmission system’s expansion and in the deregulation of the 
electricity market. A transmission line recovery cost is introduced in the 
network payment scheme model to enhance the efficiency of NEP and 
regulate the electricity market [2]. NEP mainly comprises generation 
and transmission expansion planning. Generation expansion planning 
(GEP) minimizes the investment cost over the planning horizon by 
providing an optimal plan for building conventional and renewable 
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generating units [3,4]. The construction of new generation units places 
an additional burden on transmission lines, as excessive amounts of 
power are transmitted to consumers. This problem is overcome by 
locating and installing optimal candidate lines to prevent network 
congestion through transmission expansion planning (TEP) [5–7].

The increased integration of renewable energy into the power system 
has significantly changed its uncertainty and economic efficiency, 
influencing both planning and operational decisions. These shifts have 
increased research interest in coordinated strategies for generation and 
transmission expansion that can handle high RES penetration. For 
instance, based on congestion indicators, a transmission expansion 
model is proposed in [8] to reflect market conditions and changes in 
price signals, effectively reducing investment costs for constructing new 
transmission lines. Further, for resolving the transmission expansion 
problem with renewable energy in the long term, a two-step approach is 
implemented in [9] for short-term demand and supply management and 
long-term investment decisions. In the first step, the capacities of power 
generation facilities, along with the transmission routes and voltage 
capacity, are determined. The second step addresses dynamic changes in 
demand and supply, which are managed through flexible operation 
dispatch and dynamic power flow operations. Also, a two-level TEP 
problem is modelled in [10], in which the first stage considers trans
mission expansion planning followed by the generation investment 
phase. The system’s profits, such as revenue from the transmission in
vestment, were maximized in the first phase, while in the second phase, 
a central planning model concurrently resolves both market operation 
and generation investment. This differentiation allows for more precise 
modelling of operational flexibility and revenue effects, helping to make 

strategic investment choices across different planning periods..
Similarly, a wide range of optimization techniques is used in GTEP. 

Meta-model assisted evolutionary algorithms and hybrid metaheuristics 
help reduce total system costs and handle large search spaces in 
expansion planning [11]. Coordinated generation–transmission models 
that aim to minimize combined investment, operational, and penalty 
costs have been reported in [12] through an optimization objective 
approach. Additionally, mixed-integer linear programming (MILP) for
mulations are common in TEP research, often enhanced to include 
realistic cost factors, such as line recovery and different payment types, 
to better reflect economic trade-offs [2 13]. Moreover, distributed en
ergy resources (DERs) and flexibility assets such as DR schemes, 
renewable virtual power plants, and electric vehicles (EVs), in the power 
network are also included in expansion planning. Therefore, hybrid 
optimization techniques incorporating DR strategy and EVs can enhance 
distribution system flexibility and resilience up to 95% as reported in 
[14]. Further, in [15] a distributionally robust optimization model is 
proposed to curtail transmission network expansion cost under uncer
tainty and increase renewable generation penetration level. Also, the 
multi-stage stochastic optimization based on GTEP has been applied for 
achieving optimal expansion planning by effectively utilizing existing 
generation capacity and unlocking suppressed demand through strategic 
investments in both transmission and generation [16]. This strategy can 
help in a trade-off between prioritizing surplus generation and TEP. 
Moreover, an AC power flow-based integrated GTEP framework is pro
posed in [17], which jointly co-optimizes generation siting, transmission 
expansion, reactive power allocation, and loss minimization for 
providing more realistic expansion planning. Additionally, using 

Nomenclature

Abbreviations
DR Demand Response
GEP Generation Expansion Planning
GTEP Generation and Transmission Expansion Planning
MILP Mixed Integer Linear Programming
NCI Network Congestion Index
NSI Network Saturation Index
LS Load Shifting
LC Load Curtailment
NPS Network Payment Scheme
PS Postage Stamp
PPF Per-power-flow
PPFD Per-power-flow-distance
TEP Transmission Expansion Planning

Sets / Indices
ΩT Number of planning years
ΩG Number of existing generators
ΩCg Number of candidate generators
ΩL Number of existing transmission lines
ΩCl Number of candidate transmission lines
ΩS Number of scenarios

Parameters
Cinv

c Investment cost of candidate generating units
Cop

g Operational cost of existing generating units
Cop

c Operational cost of candidate generating units
Cinv

k Investment cost of candidate transmission lines
Cop

l Operational cost of existing transmission lines
Cop

k Operational cost of candidate transmission lines
Bl,Bc

k Susceptance of existing and candidate lines

Mk Big-M value is used to take a line out from the system
ϑ Postage stamp transmission tariff
ν Per-power-flow transmission tariff
γ Per-power-flow-distance transmission tariff
σlts,σkts Total length of existing and candidate transmission lines
θbts Load curtailment incentive cost at bus b in time t under 

scenario s
τbts Load shifting incentive cost at bus b in time t under 

scenario s
∞bts Percentage of load curtailment at bus b in time t under 

scenario s
d Annual discount rate

Variables
Pg

gts Power generated by existing generating units at time t 
under scenarios

Pc
cts Power generated by candidate generating units at time t 

under scenarios
Pl

lts Power flow in existing lines at time t under scenarios
Pk

kts Power flow in candidate lines at time t under scenarios
χcts Binary variable that is equal to 1, if new generator is 

constructed, else 0
Ωbts Power curtailed at bus b in time t under scenarios
ζbts Power shifted at bus b in time t under scenarios
δbts Voltage angle at bus b in time t under scenarios
ϕlts,ϕkts Transmission line usage ratio of existing and candidate 

lines, while using Postage stamp payment scheme.
ykts Binary variable that is equal to 1, if new line is built at time 

t under scenario s, else 0
αkts Binary variable that is equal to 1, if new line IRP is not 

completed, else 0
xklts Binary variable that is equal to 1, if line working on 

maximum capacity, else 0
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reliability-constrained formulations that combine load and RES projec
tion with Monte Carlo simulation under N-1 contingency constraints 
further demonstrates hybrid methods for ensuring system reliability 
along with enhancement in voltage profile and reducing power losses 
[18].

Furthermore, DR has become an essential flexibility resource in 
expansion planning, helping to reduce network congestion, support 
renewable energy generation, lower peak flows, and enhance reliability 
and economic outcomes when explicitly included in planning models. 
DR programs generally fall into two categories: price-based options such 
as time-of-use, real-time pricing, and critical pricing, and incentive- 
based options, such as load curtailment (LC) and load shifting (LS) 
that provide payments for load curtailment or shifting [19,20]. Both 
types are utilized in planning research to incorporate consumer-side 
flexibility. For example, an incentive-based DR TEP model with a 
probabilistic approach is introduced in [21] for tackling the variability 
and uncertainty factors associated with a grid-connected wind farm. 
Similarly, a DR approach based on load shifting and curtailment is 
incorporated into a MILP-based TEP model in [22,23]. Instead of using 
traditional load-duration curves, load blocks are utilized to reduce 
computational complexity. The results indicate notable enhancements 
in system reliability, operational efficiency, and overall economic gains. 
In [24], a power system investment model based on a stochastic in
vestment planning model is presented, which uses DR to minimize the 
need for costly energy storage investments. Moreover, the DR scheme, 
combined with GTEP, is used to develop an optimal expansion strategy 
for power systems, assisting system planners in deciding on investments 
that meet electricity demand, reducing emissions, and controlling costs, 
while increasing the use of RES [25]. In [26], an advanced generation 
expansion planning framework is introduced that accounts for the 
increasing use of distributed generation resources, both thermal and 
renewable, along with load-management benefits and DR procedures. 
For transmission networks discussed in [27], a mixed-integer nonlinear 
TNEP model that includes long-term DR indicates that demand-side 
flexibility influences line loading, failure rates, and system reliability. 
It also helps mitigate congestion and lowers local marginal price (LMP) 
inflation. When tested on the IEEE 24-bus reliability system, the model 
showed that DR can reduce the need for new transmission lines, stabilize 
LMP profiles, and enhance the overall value of the transmission system 
across various scenarios. In [28], the consequences of the market-based 
DR method on system reliability in emergencies were discussed. The 
author investigated the DR method as a solution for increasing power 
system reliability in the presence of an uncertain renewable energy 
resource.

Additionally, transmission cost allocation and market mechanisms 
are typically studied alongside expansion models [29,30]. Various 
methods, such as composite marginal transmission pricing, user-benefit- 
based allocations, and two-stage frameworks, have been developed to 
avoid overinvestment and promote fair sharing of economic gains 
among market players [31,32]. Comparative studies of transmission 
cost-allocation schemes across different market structures and wheeling 
setups show that the choice of allocation method, whether composite 

marginal pricing, megawatt-mile variants, or dominant/reverse abso
lute approaches, can greatly affect how network charges are distributed, 
the fairness of user contributions, and the strength of investment signals, 
thereby impacting the long-term sustainability of transmission systems 
[33,34].

NEP problem is generally studied from different scales, such as 
reliability [35], electricity market [36] and renewable energy penetra
tion [37] from the past few years. Conventional techniques used for NEP 
are based on linear programming [38] and heuristic methods such as ant 
colony optimization [39], genetic algorithm [26], and benders decom
position [40,41]. Renewable energy and demand uncertainties-based 
transmission expansion planning was described in [42]. These models 
were validated on IEEE systems and use hybrid algorithms to reduce 
costs, enhance reliability, and maximize income.

Correlation of the above literature review and the current study is 
mentioned in Table 1. As discussed, both GTEP and DR methods are 
efficient in reducing total network cost, relieving power system 
congestion, improving power system reliability, and facilitating RES 
integration. Both techniques (GTEP & DR) are beneficial in coordination 
with each other, but they are not analyzed with NPS. Some recent 
research articles have stated around 200 papers during the last ten years 
to present a quantitative measure of the trends that GTEP, NPS, and DR 
have concentrated [2,7,23,31].

Literature reviews presented in these research papers show that no 
study has analyzed GTEP, NPS, and DR together in coordination to 
facilitate large-scale RES integration. Therefore, this research gap is 
filled by exhibiting an evaluation model that coordinates GTEP, NPS, 
and DR to analyze their collaborative effects on total system cost, RES 
integration, and network congestion relief by utilizing mixed integer 
linear programming (MILP). This paper examines a novel investment 
and optimization expansion planning model. The main contributions of 
the paper are summarized below: 

• Coordinating a MILP model that solves a generation and trans
mission expansion model for a multi-year period, while considering 
high renewable energy penetration.

• Integrating multiple network payment methods with the GTEP 
model to maximize profit for market players in terms of line recovery 
cost.

• Investigating the impact of DR, including load curtailment and load 
shifting plans, on the GTEP model.

• Proposing a model of DR plan with GTEP and NPS to analyze their 
impacts on system reliability.

The remainder of the paper is organized as follows: Section 2 briefly 
describes the methodology and model formulation with various con
straints and objective functions for evaluation. Section 3 explains the 
test system data, such as the IEEE 24-bus system. Section 4 describes the 
analysis of the results of simulation work to show the performance of the 
proposed model on the operational cost of the network. Section 5 de
scribes the discussion on the results. Finally, the conclusion and future 
research directions are provided in Section 6.

Methodology

Base model

The formulation of [7] inspires the proposed GTEP model. In this 
paper, a linear DCOPF problem having negligible system losses is 
assumed and the losses are not considered due to their negligible values. 
Generating units ramping and stability constraints are also not incor
porated in the proposed model as to maintain the balance between so
lution accuracy and computational cost. Generators and transmission 
lines investment decisions can be made in any year of the planning 
period. Block diagram of proposed model is mentioned in Fig. 1 and 
proposed mathematical formulation corresponds to: 

Table 1 
Comparison of literature and current study.

Reference GEP TEP NPS LC LS

[2,13] ⨯ ✓ ✓ ⨯ ⨯
[3,4] ✓ ⨯ ⨯ ⨯ ⨯
[7] ✓ ✓ ⨯ ⨯ ⨯
[22] ✓ ✓ ⨯ ✓ ✓
[24] ✓ ✓ ⨯ ✓ ✓
[25] ✓ ✓ ⨯ ✓ ⨯
[27] ✓ ⨯ ⨯ ✓ ✓
[31] ⨯ ⨯ ✓ ⨯ ⨯
[33] ⨯ ⨯ ✓ ⨯ ⨯
Current Study ✓ ✓ ✓ ✓ ✓
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Cg =
∑

t ∈ ΩT

1
(1 + d)t− 1

⎡

⎣
∑

c∈ΩCg s∈ΩS

Cinv
c χcts +

∑

g∈ΩG

Cop
g Pg

gts + Cop
c Pc

cts

⎤

⎦ (1) 

Cl =
∑

t ∈ ΩT

1
(1 + d)t− 1

[
∑

k∈ΩCl s∈ΩS

Cinv
k ykts +

∑

l∈ΩL

Cop
l + Cop

k αkts

]

(2) 

C = Cg + Cl (3) 

minimize C 

Subject to: 

χcs(t− 1) ≤ χcts ∀ c ∈ ΩCg , t ∈ ΩT , s ∈ ΩS, t ≥ 2 (4) 

∑

c∈ ΩCg

∑

s∈ΩS

χcts ≤ χmax
cts ∀ t ∈ ΩT (5) 

χcts = 0 if t < Tbuild
c ∀ c ∈ ΩCg , t ∈ ΩT , s ∈ ΩS (6) 

∑

c∈ ΩCg

∑

t∈ΩT

∑

s∈ ΩS

Cinv
ct χct

(1 + d)t − 1 ≤ Cinv,max
t ∀ t ∈ ΩT (7) 

αk(t− 1)s ≤ αkts ∀ k ∈ ΩCl , t ∈ ΩT , t ≥ 2, s ∈ ΩS (8) 

∑

k∈ΩCl

∑

s∈ΩS

αkts ≤ αmax
kts ∀ t ∈ ΩT (9) 

αkts = 0 if t < Tbuild
k ∀ k ∈ ΩCl , t ∈ ΩT , s ∈ ΩS (10) 

Fig. 1. Block Diagram of proposed model.
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Fig. 2. Modified IEEE 24 bus system.
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∑

t∈ΩT

∑

k∈ΩCl

Cinv
k αkts

(1 + d)t − 1 ≤ Cinv,max
t ∀ t ∈ ΩT , s ∈ ΩS (11) 

∑min(t+IRPk − 1,tn)

n=t
[ykts − (αkts − αk(t− 1)s) ] ≥ 0 ∀ t ∈ ΩT , k ∈ ΩCl , s ∈ ΩS

(12) 

∑

g∈ΩG

Pg
gts +

∑

c∈ΩCg

Pc
cts +

∑

l∈ΩL1

Pl
lts −

∑

l∈ΩL2

Pl
lts + . . .

∑

k∈ΩCl1

Pk
kts −

∑

k∈Ω
Cl2

Pk
kts =

∑

b∈ΩB

Pd
bts ∀b, c, g, k, l, s, t

(13) 

Pg,min
g ≤ Pg

gts ≤ Pg,max
g ∀g, t, s (14) 

Pc,min
cts χcts ≤ Pc

cts ≤ Pc,max
c χcts ∀c, t, s (15) 

Pl
l,t,s = Bl

(
δli tc − δlj tc

)
∀ l, t, c, ij ∈ ΩB (16) 

− Pl,max
l ≤ Pl

l,t,s ≤ Pl,max
l ∀l ∈ ΩL, t ∈ ΩT , s ∈ ΩS (17) 

Bc
k (δkits − δkjts) − Pk

kts +(1 − αkts)Mk ≥ 0 ∀ k, t, s (18) 

Bc
k (δkits − δkjts) − Pk

kts − (1 − αkts)Mk ≤ 0 ∀ k, t, s (19) 

Fig. 3. Demand at load bus in IEEE 24-bus system (a) Scenario 1 (b) Scenario 2 (c) Scenario 3 (d) Scenario 4.

Table 2 
Load block summary.

No of 
block

Load Level 
[%]

Duration per year 
[h]

LC Cost 
[$/MW]

LS Cost 
[$/MW]

1 100 200 105 0
2 80 4200 0 70
3 60 4050 0 60
4 40 310 0 50

Table 3 
Total system cost of case 1.

Generator 
Investment cost 
[M$]

Line 
Investment 
cost [M$]

Line 
Operating 
cost [M$]

Generator 
Operating cost 
[M$]

Total 
Cost [M 
$]

17.6 131.8 0.279 744.8 893.8

Table 4 
Optimal existing power consumed in each year.

Existing Generator Power 
[GW]

Planning Period
1 2 3 4 5 6 7 8 9 10

LS 1 1.9 2.0 2.1 2.2 2.3 2.4 2.5 2.6 2.7 2.8
LS 2 2.8 2.9 3.1 3.2 3.3 3.3 3.3 3.2 3.3 3.3
LS 3 2.3 2.4 2.5 2.6 2.7 2.8 2.9 3.0 3.1 3.2
LS 4 1.8 1.9 2.0 2.1 2.2 2.2 2.3 2.4 2.5 2.6

Table 5 
Candidate transmission lines built in optimal solution.

From bus To bus Year

7 20 2024
7 24 2026
14 16 2024
16 19 2028
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Fig. 4. Candidate lines and generators construction in the base case.

Table 6 
Tariff of NPS.

Network payment scheme Symbol Unit Value

Postage stamp ϑ Each line per year M$ 4.5
Per-power-flow ν $ per MWh 3.5
Per-power-flow-distance γ $ per MWh per Km 0.025

Table 7 
Total system cost for every NPS in case 2.

Network 
payment 
scheme

Line 
investment 
cost [M$]

Generator 
investment 
cost [M$]

Generator 
operating 
cost [M$]

Network 
payment 
[M$]

Total 
cost [M 
$]

PS 265.81 22.9 778.2 419.1 1220.2
PPF 417.89 23.2 764.8 332.5 1120.5
PPFD 400.7 24.1 789.5 45.2 859.2
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− αktsPk,max
k ≤ Pk

kts ≤ αktsPk,max
k ∀ k, t, s (20) 

δmin
b ≤ δbts ≤ δmax

b ∀b, t, s (21) 

The aim of objective function (3) is to minimize the total cost of the 
system. The first term (1) in total cost corresponds to investment cost for 
new generating units along with the operation cost. The second term (2) 
corresponds to new transmission lines along with their operational cost. 
The result of this model would outline bus location, time, and number of 
the candidate units or lines to be built in the planning period to meet the 
forecasted demand. Binary variable χcts represent new generating unit c 
constructed at time t in scenario s. The addition of new transmission line 
k in time t in scenario s is represented by binary variable αkts. Constraint 
(4) prevent replication of generating unit investment, which is χcts = 1 
and will remain 1 throughout the planning time. Constraints (5) and (6) 
laid a bound on the number and time of generating units to be con
structed in planning time. Constraint (7) indicated about maximum 
capital investment for new generating unit in the planned year. 
Constraint (8) represents one time investment of transmission lines to 
avoid repetition. Constraints (9)(10) include candidate transmission 
lines number and time for construction. The maximum capital invest
ment for a new transmission line in a planning year is discussed in (11). 
Constraint (12) showed status of invested return period of invested lines, 
it ensured that ykts = 1, when the IRP is not completed yet. Supply and 
demand balance are satisfied by constraint (13), while the existing and 
candidate generators power limit are restricted to their range by con
straints (14) and (15). The power through existing lines is given in 
constraint (16) and their limit is restricted in constraint (17). The active 

power of candidate transmission lines is bounded in constraints (18)(19) 
and (20). Limit on voltage angles at bus is given in constraint (21).

Base model with postage stamp scheme

Postage stamp refers to a simple type of network payment scheme, in 
which regardless of energy flow in a line, the consumer is charged with a 
fixed payment. The cost is charged per line to recover the investment 
cost of newly constructed transmission lines. The model with line re
covery cost is formulated below; 

Minimize
∑

t ∈ ΩT

1
(1 + d)t− 1

⎡

⎣
∑

c∈ΩCg s∈ΩS

Cinv
c χcts +

∑

g∈ΩG

Cop
g Pg

gts + Cop
c Pc

cts

⎤

⎦…

+

[
∑

l∈ΩLs∈ΩS

ϑϕlts +
∑

k∈ΩCl

ϑϕkts

]

(22) 

Subject to: 

∑

t ∈ ΩT

1
(1 + d)t− 1

[
∑

l∈ΩLs∈ΩS

ϑϕlts +
∑

k∈ΩCl

ϑϕkts

]

≥
∑

t ∈ ΩT

1
(1 + d)t− 1

[
∑

k∈ΩCl s∈ΩS
Cinv

k ykts +
∑

l∈ΩL

Cop
l + Cop

k αkts

] (23) 

⃒
⃒
⃒Pk

k,t,s

⃒
⃒
⃒ = ϕktsP

k,max
k,t,s ⋯

⃒
⃒
⃒Pl

l,t,s

⃒
⃒
⃒ = ϕltsP

l,max
l,t,s (24) 

The objective function of postage stamp scheme is given by (22), which 
has two terms. The first term corresponds to the generation cost and 
second term to line recovery cost for postage stamp. Constraint (23) 
establishes that the line payment of postage stamp scheme must be equal 
or greater to the transmission line investment and operational costs. 
Both the terms would be zero in case of non-construction of transmission 
line. This scheme would also cover the operational cost if the payback 
period of the line is completed.

It should be noticed that a postage stamp is a fixed cost scheme for 
using transmission line and charges are paid by consumer according to 
per hour usage. Our model is based on annual periods, so we consider a 
small portion of usage hours in a year as shown by binary variable. The 
number of hours for line usage at time t, in scenario s is calculated in 
constraint (24).

Base model with Per-Power-Flow scheme

Per-power-flow, a suitable network payment model which charge 
payment from customers according to the amount of power flowing in 
transmission lines. This scheme formulation with base case is given 
below; 

Minimize
∑

t ∈ ΩT

1
(1 + d)t− 1

⎡

⎣
∑

c∈ΩCg s∈ΩS

Cinv
c χcts +

∑

g∈ΩG

Cop
g Pg

gts + Cop
c Pc

cts

⎤

⎦…

+

[
∑

l∈ΩLs∈ΩS

ν
⃒
⃒Pl

lts

⃒
⃒ +

∑

k∈ΩCl

ν
⃒
⃒Pk

kts

⃒
⃒

]

(25) 

Subject to: 

∑

t ∈ ΩT

1
(1 + d)t− 1

[
∑

l∈ΩLs∈ΩS

ν
⃒
⃒Pl

lts

⃒
⃒ +

∑

k∈ΩCl

ν
⃒
⃒Pk

kts

⃒
⃒

]

≥
∑

t ∈ ΩT

1
(1 + d)t− 1

[
∑

k∈ΩCl s∈ΩS

Cinv
k ykts +

∑

l∈ΩL

Cop
l + Cop

k αkts

]

(26) 

Table 8 
Transmission line built in each NEP.

Postage stamp Per-power-flow
From bus To bus Year From bus To bus Year

4 5 2029 ​ 3 24 2025
5 6 2024 ​ 5 6 2024
7 24 2024 ​ 7 20 2024
​ ​ ​ ​ 7 24 2024
Per-power-flow-distance
From bus To bus Year ​ ​ ​ ​
3 24 2024 ​ ​ ​ ​
5 6 2024 ​ ​ ​ ​
7 20 2024 ​ ​ ​ ​
7 24 2024 ​ ​ ​ ​

Fig. 5. Candidate generating units' power consumption in each payment 
scheme over a 10-year planning period.
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As mentioned in the postage stamp scheme, the objective function 
(25) is comprised of two terms. The first term accounts for new gener
ators investment and operational cost, while the second term for re
covery cost related to line usage in this scheme. Constraint (26) satisfies 
that the line payment cost under this scheme should be greater or equal 
to the new transmission line investment and their operational cost.

Base model with Per-Power-Flow-Distance scheme

Per-power-flow-distance is the most diversified network payment 

Fig. 6. Candidate lines and generators construction in each payment scheme (a) PS, and (b) PPF & PPFD.

Table 9 
Total system cost in case 3.

Generator 
investment 
cost [M$]

Line 
investment 
cost [M$]

Line 
operating 
cost [M$]

Generator 
operating 
cost [M$]

LC 
cost 
[M 
$]

LS 
cost 
[M 
$]

Total 
cost 
[M$]

26.6 107.15 0.262 722.6 0.01 0.48 855

Table 10 
Optimal power consumed in each load block over the planning period in case 3.

Load block 
[GW]

Planning Period
1 2 3 4 5 6 7 8 9 10

1 2.2 2.3 2.4 2.5 2.3 2.4 2.5 2.6 2.8 2.9
2 2.1 2.1 2.2 2.3 2.3 2.1 2.1 2.2 2.3 2.4
3 1.5 1.6 1.6 1.6 1.7 1.7 1.7 1.8 1.8 1.8
4 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0

Fig. 7. Load curtailment and shifting in the load block of the DR plan in year 1.
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scheme, which charges the customer according to the amount of power 
flow and the length of the transmission line. The transmission line 
payment depends on its length. The greater the length, the greater the 
payment and vice versa. The scheme formulation, based on the base 
case, is outlined below. 

Minimize
∑

t ∈ ΩT

1
(1 + d)t− 1

⎡

⎣
∑

c∈ΩCg s∈ΩS

Cinv
c χcts +

∑

g∈ΩG

Cop
g Pg

gts + Cop
c Pc

cts

⎤

⎦…

+

[
∑

l∈ΩLs∈ΩS

γσlts
⃒
⃒Pl

lts

⃒
⃒ +

∑

k∈ΩCl

γσkts
⃒
⃒Pk

kts

⃒
⃒

]

(27) 

Subject to: 

∑

t ∈ ΩT

1
(1 + d)t− 1

[
∑

l∈ΩLs∈ΩS

γσlts
⃒
⃒Pl

lts

⃒
⃒ +

∑

k∈ΩCl

γσlts
⃒
⃒Pk

kts

⃒
⃒

]

≥
∑

t ∈ ΩT

1
(1 + d)t− 1

[
∑

k∈ΩCl s∈ΩS

Cinv
k ykts +

∑

l∈ΩL

Cop
l + Cop

k αkts

]

(28) 

The objective function (27) is the same as the per-power-flow scheme 
mentioned above but only differs in that the transmission line length 
shown by constraint (28) is the line recovery cost for the Per-power- 
flow-distance scheme and is the same as mentioned in (23) and (26).

Base model with DR

DR is implemented with a GTEP model to reshape the load profile for 
improved efficiency. DR response is classified into two types: price- 
based DR and incentive-based DR. Our model considers incentive- 
based DR, as peak load occurs only for a specific period, and acts as a 
supplement to meet peak demand, reduce expansion planning invest
ment costs, and improve network reliability. The load block table 
mentioned above indicates that the peak load is curtailed in load block 1 
and then shifted to other load blocks, as per the optimal solution. This 
DR plan would help smooth the load block curve, thereby enhancing 
system reliability. The model formulations for both DR curtailment and 
DR shifting are presented below. 

DRcurtail =
∑

bts
θbts Ωbts ∀b ∈ B, t ∈ T, s ∈ S (29) 

DRshift =
∑

bts
τbts ζbts ∀b ∈ B, t ∈ T, s ∈ S (30) 

Minimize
[
C + DRcurtail + DRshift] (31) 

Subject to: 
∑

g∈ΩG

Pg
gts +

∑

c∈ΩCg

Pc
cts +

∑

l∈ΩL1

Pl
lts −

∑

l∈ΩL2

Pl
lts + . . .

∑

k∈ΩCl1

Pk
kts −

∑

k∈Ω
Cl2

Pk
kts =

∑

b∈ΩB

Pd
bts −

∑

bts
(Ωbts + ζbts) ∀b, c, g, k, l, s, t

(32) 

0 ≤ ζbts ≤ ∞btsPd
bts , s = 1

− ∞btsPd
bts ≤ ζbts ≤ 0 , s = 0

(33) 

0 ≤ Ωbts ≤ ∞btsPd
bts , s = 1

Ωbts = 0 , s = 0
(34) 

In (29), the load curtailment, along with the cost per load curtailment in 
a particular year and scenario, is modelled. Similarly, (30) describes the 
load shifting in addition to the cost per load shifting. The overall 
objective function (31) is formulated to minimise total system cost by 
incorporating load curtailment cost and load shifting compensation cost.

The supply and demand in (13) are balanced by adding curtailed and 
shifted power as mentioned in constraint (31). Constraint (34) describes 
the load curtailment condition and will only occur in the load block 
scenario 1. Similarly, the load-shifting condition that will happen in the 
remaining three load block scenarios to fill the gap is mentioned in 
constraint (33).

Base model with DR and network payment schemes

Minimize
∑

t ∈ ΩT

1
(1 + d)t− 1

[
∑

l∈ΩLs∈ΩS

ϑϕlts +
∑

k∈ΩCl

ϑϕkts

]

+
[
C + DRcurtail

+ DRshift] (35) 

Minimize
∑

t ∈ ΩT

1
(1 + d)t− 1

[
∑

l∈ΩLs∈ΩS

ν
⃒
⃒Pl

lts

⃒
⃒ +

∑

k∈ΩCl

ν
⃒
⃒Pk

kts

⃒
⃒

]

+
[
C + DRcurtail

+ DRshift]

(36) 

Minimize
∑

t ∈ ΩT

1
(1 + d)t− 1

[
∑

l∈ΩLs∈ΩS

γσlts
⃒
⃒Pl

lts

⃒
⃒ +

∑

k∈ΩCl

γσlts
⃒
⃒Pk

kts

⃒
⃒

]

+
[
C + DRcurtail

+ DRshift]

(37) 

DR having GTEP is modelled with three network payment schemes, 
such as postage stamp, per-power-flow, and per-power-flow-distance. 
The objective function (35) describes the combination of GTEP with 
DR and postage stamp scheme in a planning model to minimise the total 
cost of the power network. Similarly, the objective functions (36) and 
(37) represent the per-power-flow and per-power-flow-distance schemes 
to be modelled with GTEP and DR, respectively, to minimise total system 
cost.

Constraints of this proposed model are already discussed in the above 
sections such as for base case (4) to (21); NPS (23),(24),(26),(28); and 
DR (32) to (34). All these constraints are combined with the above 
objective functions to form a coordinated generation and transmission 
expansion model, incorporating a DR plan and network payment 
schemes.

Test system data

The proposed case studies are tested on a modified IEEE 24-bus 
system for detailed analysis. The IEEE 24-bus system comprises 24 
buses and 34 transmission lines, with 10 buses utilized by 9 different 
conventional generation units, each having a maximum installed ca
pacity of 3405 MW [31]. Four buses 3,5,7,16 have been used for 8 
candidate wind farm generation units in our model as shown in Fig. 2. 
The capacity of transmission lines is reduced to inject congestion into 
the system. There is a fixed capacity of 175 MW at lines 1 to 6, 8, 10, 12, 
and 13. 350 MW at line 9, while the remaining lines have a 400 MW 
capacity. The operational cost for each type of conventional generating 
unit is mentioned in [25]. Four scenarios are characterized based on 
demand data, as shown in Fig. 3. These four scenarios define peak load 
levels for four seasons. During a year, the load at scenario 4 corresponds 
to the lowest peak load, and scenario 2 has the highest load consumption 

Table 11 
Candidate transmission lines built in optimal solution.

From bus To bus Year

7 20 2029
7 24 2025
14 16 2026
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during the year. A 5% annual load growth is considered for a 10-year 
planning period in the model. Similarly, a discount rate of 10% with 
an internal rate of return (IRR) of 4% is used in the proposed model.

DR data

The load block curve is used in place of the typical load duration 
curve in DR analysis within our model. The load block curve is a 
descending order curve with peak load at the start and gradually 
decreasing till the consumption period. The load level percentage for 

Fig. 8. Candidate lines and generators construction in case 3.
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each load block, consumption duration, and cost of load curtailment and 
shifting are summarized in Table 2.

Numerical simulations and results

A modified IEEE 24-bus system was used to test the coordinated 
investment model. Four test cases are considered to analyze the eco
nomic benefits of the proposed model, such as; 

• Case 1: An expansion planning model with generation and trans
mission (GTEP)

• Case 2: GTEP along with three different network payment schemes 
(GTEP + NEP)

• Case 3: GTEP along with DR (GTEP + DR)
• Case 4: A combined sensitivity analysis of (GTEP + DR + NEP)

Case 1 is the base case in which only generation and transmission are 
considered for expansion planning in a planning horizon. In Case 2, the 
economic impact of network payment schemes on GTEP model is ana
lysed. Case 3 determines the effects of DR on the GTEP model when 
analysed in the same planning horizon. Case 4 shows a coordinated 
sensitivity analysis for GTEP, DR and NEP when tested in a forecasted 
scenario. Optimisation programming language (OPL) is used for all case 
studies modelling, and CPLEX version 12.1 is used as the solver. An Intel 
Core i3 4th-generation laptop, along with 4 GB of RAM, is used to 
perform all simulations.

Case 1

A basic planner model for generation and transmission expansion 
(GTEP) is analyzed in this case for a 10-year planning period. The model 
solely considers generation expansion through the addition of candidate 
wind farms, and transmission expansion is driven by load growth over 
the planning horizon. Generation and transmission investment decisions 
are jointly optimized to minimize the total system cost while satisfying 

operational and reliability constraints. This base GTEP formulation 
provides a reference framework for subsequent case studies. The total 
system cost for the GTEP model is shown in Table 3. The total amount of 
existing power consumed during the four load scenarios in the planning 
horizon is described in Table 4. Table 5 and Fig. 4 show the number of 
candidate transmission lines built in the optimal solution of the GTEP 
model.

Case 2

Three distinct types of network payment schemes, i.e. postage stamp 
(PS), per-power-flow (PPF), and per-power-flow-distance (PPFD), are 
combined with the base case in case 2. Table 6 shows tariff parameters 
for these three payment schemes. The optimal tariff calculation is a 
challenging task and beyond the scope of this current study; however, 
we calculated the tariff values based on the minimum objective function 
for the aforementioned payment schemes after conducting several sim
ulations. The total system cost for each payment scheme, along with the 
cost recovery for each constructed line, is summarised in Table 7. 
Table 8 shows the number of candidate transmission lines built in each 
payment scheme. Figs. 5 and 6 describe the construction of new 
generating units and their power consumption for each payment scheme 
in an optimal solution. It shows that new generating units are con
structed only in load scenario 2, which is due to the peak demand as 
compared to other scenarios.

Case 3

In this case, DR is integrated with the base case model to increase 
profit for the user and reduce the cost of electricity. Two different DR 
options, i.e., load curtailment and load shifting, will determine the 
optimal DR plan in this case study. The optimal total system cost for the 
GTEP plus DR model is presented in Table 9, while the power generated 
by the existing generating unit in each load block over the planning 
period is listed in Table10. The DR plan for year 1 is summarized in 
Fig. 7 and the number of lines built during a planned period is shown in 
Table 11 and Fig. 8. Similarly, the total number of candidate generation 
units’ construction years and power consumption are shown in Fig. 9. 
The percentage for load reduced and shifted is the same, which is 20%.

Fig. 9. Candidate units' power consumption in each load block (LB) in the 10- 
year planning period.

Table 12 
Total cost for each NPS in case 4.

NPS Line investment cost [M$] Generator investment cost [M$] Generator operating cost [M$] Network payment 
[M$]

LC cost 
[M$]

LS cost 
[M$]

Total cost 
[M$]

PS 148.32 26.7 746.2 319.7 0.0215 0.48 1092.1
PPF 217.5 32.1 736.3 239.7 0.0215 0.48 1007.7
PPFD 179.5 35.7 754.1 31.71 0.0215 0.48 821.1

Table 13 
Transmission line built in each NPS in case 4.

Postage stamp Per-power-flow
From bus To bus Year From bus To bus Year

4 5 2028 ​ 3 24 2024
5 6 2025 ​ 5 6 2024
7 20 2024 ​ 7 20 2024
7 24 2024 ​ 7 24 2024
14 16 2028 ​ 14 16 2024
Per-power-flow-distance ​ ​ ​ ​
From bus To bus Year ​ ​ ​ ​
3 9 2028 ​ ​ ​ ​
5 4 2028 ​ ​ ​ ​
5 6 2024 ​ ​ ​ ​
7 20 2024 ​ ​ ​ ​
14 16 2025 ​ ​ ​ ​
16 19 2025 ​ ​ ​ ​
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Fig. 10. Candidate lines and generators construction in case 4 (a) GTEP + PS + DR, (b) GTEP + PPF + DR, and (c) GTEP + PPFD + DR.
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Case 4

DR problem along with network payment scheme in an expansion 
and planning environment has not been studied yet. This case study 
comprehensively analyses the research gap by modelling DR with NPS 
and GTEP. Economic analysis in the form of total cost is summarized in 
Table 12. Table 13 and Fig. 10 correspond to the number of candidate 
lines constructed during the planning time. The parameters for the DR 
model were kept the same as in case 3. Therefore, no significant changes 
occurred in load curtailment and shifting calculations.

Discussion

Results of the above four case studies are examined and discussed in 
this section. In each case study, an optimal solution is achieved based on 
the demand scenarios stated above, and the impact of this optimal so
lution on system performance will be discussed later in this section. 

Three main parameters, including total cost, power capacity, investment 
decision, and reliability indexes (NSI & NCI) of each case study, will be 
compared to achieve a suitable solution.

Total cost

The total cost of the optimal solution for each case study is compared 
in Table 14. The table shows that the base model (GTEP) has the least 
total cost, line investment cost, and generator operational cost. This is 
mainly due to the absence of a line recovery cost guarantee in the 
planning and expansion model. Therefore, it allows for a minimum in
vestment and ultimately reduces operational costs. The highest total cost 
is obtained in the GTEP-PS model, and the lowest in the GTEP-DR-PPFD 
model. The PS payment scheme has a fixed tariff, which increases 
transmission line investment costs, whereas the PPFD payment scheme 
only charges for the amount of power transmitted across each line and 
its distance.

The lowest generator operational cost and transmission line invest
ment cost are obtained in the GTEP-DR model. It is due to the DR plan, 
which reduces peak load to smooth the load block curve and minimise 
the burden on existing generation units. It also delays investment de
cisions for new generating units and transmission lines in the power 
system. The highest total cost savings of 32.7% and 29.9% are achieved 
by GTEP-DR-PPFD and GTEP-DR, respectively, in comparison with 
GTEP-PS. In summary, the results suggest that the GTEP model with 
more discrimination by planning technique has a lower total cost than 
the GTEP model with no planning technique.

Table 14 
Summary of total cost.

million 
$

GTEP GTEP-PS GTEP-PPF GTEP-PPFD GTEP-DR GTEP-DR-PS GTEP-DR-PPF GTEP-DR-PPFD

Total cost 946 1220 1120 859 855 1092 1007 821
Gen Invest cost 17.6 22.9 23.2 24.1 26.6 26.7 32.1 35.7
Line Invest cost 184 265 417 400 107 148 217 218
Line O&M cost 0.28 0.25 0.27 0.27 0.26 0.26 0.27 0.27
Gen O&M cost 744 778 764 789 722 746 736 754
NP − 419 332 45 − 319 239 31
LC cost − − − − 0.02 0.02 0.02 0.02
LS cost − − − − 0.48 0.48 0.48 0.48
Cost Saving (%) − − 8.2 29.6 29.9 10.5 17.5 32.7

Fig. 11. Existing and Candidate generators for power generation in each 
case study.

Table 15 
Summary of transmission line constructed in each optimal model.

Optimal Model No of lines Year

GTEP 4 2024, 2024, 2026, 2028
GTEP-PS 3 2024, 2024, 2029
GTEP-PPF 4 2024, 2024, 2024, 2025
GTEP-PPFD 4 2024, 2024, 2024, 2024
GTEP-DR 3 2025, 2026, 2029
GTEP-DR-PS 5 2024,2024, 2025, 2028, 2028
GTEP-DR-PPF 5 2024,2024, 2024, 2024, 2024
GTEP-DR-PPFD 6 2024,2024,2025, 2025, 2028, 2028

Fig. 12. Existing and Candidate generators for power generation in each 
case study.
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Power capacity and investment decision

The power delivered by existing and candidate generating units in 
each optimal model for all scenarios in the final planning year is 
compared in Fig. 11. The results show that the power capacity of the 
existing line decreased by 31.3% when the DR plan is incorporated in 
the GTEP model, and a further decline of 2% occurs upon the GTEP-DR- 
NPS model. The power capacity of candidate generating units increases 
by 34.3% when a combined formulation of GTEP, DR, and NPS is per
formed. Overall, the combined study of DR and NPS with GTEP provides 
an optimal solution to reduce existing power capacity and exploit more 
power from candidate generating units. The investment decision for the 
new transmission line in each optimal model is compared and sum
marised in Table 15. The results indicate that a significant number of 
transmission lines are constructed in the NPS model with DR and GTEP, 
primarily due to the inclusion of NPS with line cost recovery in the 
model's objective function, which affects the system's operation. The 
number of transmission lines constructed in the early period of the 
planning horizon is due to gathering an attractive investment return at 
the start of the planning period, such as in GTEP-DR-PPF.

Network congestion and saturation index

The network congestion and saturation index is used to measure the 
performance of the proposed models for power systems. The network 
congestion index is defined as the power flow expected in a line divided 
by the total power capacity of the transmission line (38). NCI is usually 
related to transmission line usage over the planning period. The network 
saturation index is defined as the percentage of working transmission 
lines operating at their maximum power capacity during a planning 
period, as shown in Equation (39). 

NCI =
∑

klts
( ⃒
⃒pl

lts

⃒
⃒+

⃒
⃒pk

kts

⃒
⃒
)

∑
klts

(
pl,max

kts + pk,max
kts

)
αkts

(38) 

NSI =
∑

kltsxklts
∑

ktsαkts
(39) 

Table 12 summarises the NSI and NCI index for each model in a planning 
period. The GTEP model has the highest transmission line usage per
centage (36.2%) and line saturation percentage (9%) among all pro
posed models. It is due to the trade-off between the generation 
operational cost and the new transmission line investment to minimise 
the objective function. The lowest percentages of both NCI and NSI 
(22.1%, 2.73%) are for the GTEP-DR-PPF model, which is due to the 
joint operation of the DR plan with NPS and GTEP to minimise gener
ation cost for optimal electricity dispatch and also recover network 
expansion costs. The lowest NSI metric would help improve system 
reliability, as a smaller number of transmission lines would be saturated, 
and smooth power dispatch would occur upon changes in demand or 
during contingency periods (Fig. 12).

Conclusion

This comprehensive research study presents a multi-year generation 
and transmission expansion planning model that considers potential 
high renewable energy penetration, network payment schemes, and DR. 
Three planning techniques, such as generation-transmission expansion, 
network payment schemes, and DR, are modelled in combination to 
achieve an optimal expansion planning model for a power network. Four 
case studies are proposed and validated on the modified IEEE 24-bus test 
system. The performance of these four case studies is assessed based on 
total system cost, power capacity and investment decision, as well as 
system reliability metrics. The optimal solution from four case studies 
suggests that implementing the per-power-flow-distance payment 
scheme and DR technique in the GTEP model is capable of minimizing 

total system cost by up to 32.1% compared to other proposed models. It 
also implies that the GTEP-DR model has a lower DR incentive cost for 
consumers compared to new generation and transmission line con
struction costs, making it an alternative choice for central planners 
instead of generation and transmission expansion planning. The system 
reliability metrics, such as NCI and NSI for the GTEP model, are (36.2%, 
9%). Moreover, the PPFD and DR implementation in the GTEP model 
can significantly enhance system reliability by reducing network 
congestion and the saturation index (22.1%, 2.73%), allowing more 
candidate wind farms to integrate into the system and thereby 
improving system efficiency. In short, the GTEP model with more 
discrimination by planning technique would have a lower total system 
cost, enhanced system reliability, and better operational flexibility 
compared to the GTEP model with no discrimination by planning 
technique.

This study proposes a MILP-based model for generation and trans
mission expansion that incorporates network payment schemes and 
demand response to evaluate the key techno-economic metrics within 
the power network. However, it relies on a DCOPF, which overlooks the 
nonlinear voltage and reactive power behaviors captured by AC optimal 
power flow. Additionally, the model assumes a centralized investment 
approach managed by single investor and did not account for the 
decentralized decision-making typical in deregulated electricity 
markets.

Future work can expand this study in several ways. The GTEP model 
could be upgraded to include real-time pricing and DR features, enabling 
a more detailed analysis of short-term system flexibility. Applying the 
model to larger, more complex power grids would offer a more accurate 
depiction of transmission limitations. Incorporating uncertainty in 
renewable generation and load, along with emissions modelling, would 
further strengthen the research. Additionally, exploring meta-heuristic 
optimization methods as alternatives to MILP could increase diverse 
solutions for large-scale problems. Lastly, adding a Renewable Portfolio 
Standard (RPS) into the model would give a more comprehensive view 
of policy-driven investment pathways in modern power systems.
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