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Abstract

Smart grid communication services often have heterogeneous and time-varying band-
width demands, which makes fixed resource allocation and flat pricing less suitable for
on-demand service provisioning. This paper studies a demand-aware dynamic pricing
problem in a resource-allocable communication network enabled by software-defined net-
working, where service requests observe network resource status and purchase bandwidth
according to the announced price. Unlike pricing models that mainly describe the price–
quantity tradeoff, the proposed model incorporates the minimum acceptable bandwidth
demand of each request as a service-side acceptance threshold. A Stackelberg game is
formulated in which the communication resource manager acts as the leader and service re-
quests act as followers. We define the utility and revenue functions, analyze the existence of
equilibrium, and derive the follower-side best response through backward induction. The
resulting response is piecewise, which makes exact equilibrium characterization difficult in
multi-user settings. Therefore, a distributed iterative algorithm and a backward-induction-
based genetic algorithm are developed for different information settings. Simulation results
show how service-side parameters affect pricing behavior and evaluate the proposed
methods under heterogeneous-user, multi-user, and capacity-limited scenarios.

Keywords: smart grid communication; software-defined networking; Stackelberg game

1. Introduction
Communication networks are increasingly expected to support service requests with

heterogeneous and time-varying bandwidth demands [1]. In many practical systems,
however, communication resources are still provisioned in a relatively fixed manner, where
bandwidth is allocated according to predefined plans or long-term service agreements.
Although this provisioning mode is easy to manage, it is inefficient when demand varies
with time and operating conditions. It may cause resource under-utilization under light
demand and insufficient support under rapidly increasing demand, which is relevant
to flexible service provisioning in smart grid-motivated communication scenarios [2,3].
Resource-constrained and sensing-enabled Internet-of-Things systems also highlight the
need for adaptive communication resource management in dynamic environments [4].

Software-defined networking (SDN) provides a feasible technical basis for more flexi-
ble resource management by separating the control plane from the data plane and enabling
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programmable network control [5,6]. With SDN support, a resource-allocable commu-
nication network can expose resource status information to upper-layer service requests
and support on-demand bandwidth provisioning [7]. In such a scenario, service requests
can observe candidate paths, communication delay, residual bandwidth, and unit price,
and then submit bandwidth requests according to their current needs [8]. Compared with
one-size-fits-all provisioning, this mechanism better matches communication resources
with dynamic service demands. However, it does not answer how the communication
resource manager should price resources when service-side demand is price-sensitive.

Existing studies on SDN-enabled communication resource management have investi-
gated dynamic path selection, bandwidth scheduling, traffic engineering, and quality of
service (QoS)/quality of experience (QoE)-aware resource allocation [9–13]. These works
have substantially improved the flexibility of resource provisioning and have laid an im-
portant foundation for resource-allocable communication networks [7]. However, most
of them primarily address how to allocate or schedule resources efficiently after the de-
mand is given, rather than how to determine prices when service requests adjust their
demand in response to the announced price. As a result, the interaction between pricing
decisions and service-side demand behavior is still insufficiently characterized in many
resource-allocation-oriented studies.

In parallel, extensive research has addressed network pricing and bandwidth pricing
from economic and optimization perspectives [14]. Representative approaches include flat-
rate pricing, usage-based pricing, auction-based pricing, and game-theoretic pricing [15,16].
Among these, Stackelberg-game-based models are widely used to describe the interaction
between a resource provider and its users, where the provider announces the price and
users respond by choosing their resource demands. Although these studies provide useful
pricing tools, many formulations remain provider-oriented. User demand is often modeled
through the price–quantity tradeoff, while the minimum acceptable service demand is
simplified or ignored. In service-oriented communication scenarios, however, a request
may reject an allocation that fails to satisfy its minimum bandwidth requirement. Thus,
incorporating the minimum acceptable bandwidth demand into the utility model helps
characterize both service-side acceptance behavior and provider-side pricing decisions.

Motivated by this observation, this paper studies a demand-aware dynamic pricing
problem in an SDN-enabled resource-allocable communication network under a smart grid
motivated application context. A communication resource manager provides bandwidth
resources to multiple service requests. The manager first announces the unit bandwidth
price, and each service request then determines its purchased bandwidth by maximizing its
own utility. Different from conventional models that only capture the tradeoff between price
and purchased amount, the proposed formulation explicitly incorporates the minimum
acceptable bandwidth demand of each service request. In this way, the model can reflect a
basic acceptance constraint in communication services: bandwidth allocation is meaningful
only when the purchased resource satisfies the minimum service requirement [17].

To characterize the interaction between the communication resource manager and
multiple service requests, this paper formulates the pricing problem as a Stackelberg game.
The communication resource manager acts as the leader and determines the unit band-
width price, while service requests act as followers and choose their purchased bandwidth
to maximize individual utilities. On this basis, we analyze equilibrium existence and
derive the follower-side response through backward induction. Because the minimum
acceptable demand makes the response piecewise across parameter regions, exact equilib-
rium characterization becomes difficult in multi-user scenarios. We therefore develop a
distributed iterative algorithm and a backward-induction-based genetic algorithm for dif-
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ferent information settings [18,19]. The main contributions of this paper can be summarized
as follows.

• A demand-aware dynamic pricing problem is formulated for an SDN-enabled resource-
allocable communication network. In the considered scenario, service requests can
observe path, delay, residual bandwidth, and unit price information, and request
bandwidth resources on demand.

• A Stackelberg game-based pricing model is proposed by explicitly incorporating the
minimum acceptable bandwidth demand into the utility function of each service
request. Different from conventional Stackelberg pricing models that mainly char-
acterize a continuous price–quantity response, the proposed formulation treats the
minimum acceptable bandwidth demand as a service-side admission threshold. This
enables the model to capture both service-side acceptance behavior and provider-side
pricing decisions.

• The existence of the equilibrium is analyzed, and the follower-side response is de-
rived through backward induction. Since the resulting response becomes piecewise
and difficult to solve exactly in multi-user scenarios, a distributed iterative algo-
rithm and a backward-induction-based genetic algorithm are developed to obtain
approximate solutions. Simulation studies are conducted to reveal the impacts of
service-side parameters on pricing behavior and to validate the proposed methods
under heterogeneous-user, multi-user, and capacity-limited scenarios.

The remainder of this paper is organized as follows. Section 2 reviews related work
on dynamic resource allocation, bandwidth pricing, and Stackelberg game-based pricing
methods. Section 3 describes the system scenario and formulates the demand-aware pricing
problem. Section 4 presents the Stackelberg game model. Section 5 analyzes the equilibrium
properties. Section 6 introduces the proposed solution algorithms. Section 7 reports the
simulation results and discussion. Finally, Section 8 concludes the paper.

2. Related Work
SDN-based dynamic resource allocation: The programmability of SDN has enabled

extensive research on dynamic communication resource allocation [5–7]. Existing studies
have investigated dynamic path selection, traffic engineering, bandwidth scheduling,
and QoS/QoE-aware resource management in programmable networks [9–13]. These
efforts have shown that network status can be monitored in real time and that allocation
decisions can be updated online according to network conditions and service requirements.
They therefore provide the technical foundation for resource-allocable communication
networks, in which service requests can observe network status and request communication
resources on demand [8]. Related studies have also explored exposing limited control or
customization capability to end users and applications in SDN environments, so that service
intent can be expressed more directly from the user side [20–22]. However, this line of work
mainly focuses on allocation efficiency, routing flexibility, or service quality improvement
under given demand, while the interaction between pricing decisions and service-side
demand response is rarely modeled explicitly.

Network pricing and bandwidth pricing: In parallel with resource-allocation-oriented
research, extensive studies have investigated pricing mechanisms for communication and
network resources [14]. Early approaches mainly adopted static pricing schemes, such as
flat-rate pricing and usage-based pricing, because of their operational simplicity. To im-
prove resource utilization and adapt to demand variation, subsequent studies consid-
ered dynamic pricing, differentiated pricing, and auction-based pricing mechanisms [15].
In application-driven communication scenarios, some work further incorporated service
characteristics, traffic load, link capacity, or QoS-related factors into the pricing process in
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order to better match price with resource demand [23,24]. Nevertheless, in many pricing
models, the demand side is still represented in a simplified manner. In particular, user
response is usually characterized as a price–quantity relationship, where the purchased
bandwidth changes continuously with the announced price. The service-side acceptance
threshold, namely, the minimum bandwidth level below which the allocation is not useful
to the request, is not explicitly modeled. This limitation motivates the demand-aware pric-
ing model developed in this paper, in which the minimum acceptable bandwidth demand
is incorporated into the utility function and further affects the follower-side response.

Game-theoretic pricing and Stackelberg models: Game theory has become an im-
portant tool for modeling the interaction between resource providers and demanders
in communication networks [16]. Among different formulations, Stackelberg games are
suitable for pricing problems because they describe the sequential process in which the
provider first sets the price and users then decide their resource demands. Existing studies
have applied Stackelberg models to bandwidth pricing, cloud service pricing, edge resource
trading, and related allocation problems [16,25]. Some studies derive exact equilibrium
solutions, while others develop approximate algorithms when closed-form analysis is
difficult [25,26]. However, many existing models remain provider-oriented and treat user
response as a continuous reaction to price. In service-oriented communication scenarios,
this assumption may be insufficient because a request may reject an allocation that does
not meet its minimum acceptable bandwidth requirement [17].

Taken together, the existing literature still leaves three gaps. First, many SDN-based
studies focus on dynamic allocation under exogenously given demand, rather than demand-
aware pricing. Second, many network pricing models do not explicitly incorporate the
minimum acceptable bandwidth demand of service requests. Third, existing Stackelberg
pricing studies are seldom discussed in a resource-allocable communication setting, where
service requests can observe network status and request bandwidth on demand. These gaps
are particularly relevant for application-motivated communication scenarios, including
smart grid-motivated ones, and they motivate the demand-aware dynamic pricing model
developed in this paper [1,3].

3. System Scenario and Problem Formulation
3.1. System Scenario

We consider an SDN-enabled resource-allocable communication network motivated
by smart grid service scenarios. A communication resource manager controls network
resources and serves multiple service requests with heterogeneous and time-varying band-
width demands. In this paper, the smart grid context is used as an application-motivated
communication scenario, and the proposed model mainly captures communication-side
characteristics such as heterogeneous service demands, time-varying bandwidth require-
ments, and minimum acceptable bandwidth levels for service admission.

The key feature of the considered network is that service requests can observe selected
network-state information and request bandwidth on demand. Specifically, the control
plane exposes candidate paths, communication delay, residual bandwidth, and unit price,
while the manager performs resource provisioning based on the global network view [5–8].

As shown in Figure 1, the network extends the conventional SDN architecture with
an explicit interaction interface for upper-layer service requests. This allows demand
expression to be coupled with resource visibility, rather than being restricted to predefined
service plans.

Figure 2 shows the operational view of this scenario. The SDN controller is responsible
for network monitoring, customization, and routing. It collects topology and resource-
state information from the data plane and supports path-aware bandwidth provisioning

https://doi.org/10.3390/en19122846

https://doi.org/10.3390/en19122846


Energies 2026, 19, 2846 5 of 26

through the control plane. This setting provides the system basis for subsequent pricing
decisions. It should be noted that the communication resource manager is not assumed to
have unlimited computational capability or perfect knowledge of future network states.
The model assumes that, within each pricing interval, the SDN controller can obtain suffi-
ciently updated information on candidate paths, delay, residual bandwidth, and capacity
through network monitoring. These network states are treated as quasi-static during one
pricing interval. Delayed or inaccurate state information may affect the estimation of
feasible resources and thus lead to a mismatch between the announced price and the actual
available bandwidth. However, this issue affects the accuracy of the input information
rather than the basic Stackelberg structure of the pricing model.

Figure 1. Architecture of the SDN-enabled resource-allocable communication network.

Figure 2. Operational view of the resource-allocable communication scenario.

Accordingly, the provider recomputes the price on a pricing-interval basis rather than
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continuously for every packet-level network variation. The length of the pricing interval
should be selected according to the variation speed of residual bandwidth, service demand,
and admission conditions. In a relatively stable network state, a longer pricing interval can
reduce computational and signaling overhead. When the observed resource state or service
demand changes significantly, a shorter interval or event-triggered price recomputation can
be adopted. Therefore, the recomputation frequency is an implementation parameter that
balances pricing responsiveness and control overhead, rather than a fixed value imposed
by the theoretical model.

3.2. Pricing-Oriented Abstraction

Based on the above scenario, we abstract the communication process into a pricing-
oriented decision model. Let I = {1, 2, . . . , N} denote the set of service requests. Dur-
ing each pricing interval, the communication resource manager announces a price p,
and each service request i ∈ I determines its purchased bandwidth bi according to its
own utility.

Each service request is associated with a minimum acceptable bandwidth demand,
denoted by Bi. This parameter represents a service-side admission threshold rather than a
hard obligation to purchase bandwidth. If service request i decides to purchase bandwidth,
the purchased amount must satisfy bi ≥ Bi; otherwise, the request may choose bi = 0,
which indicates non-participation or service rejection. Thus, a positive bandwidth purchase
is meaningful only when it reaches the minimum acceptable bandwidth demand. In
addition, Ei denotes the maximum attainable benefit of service request i when price is not
considered, and ri characterizes the return of additional bandwidth beyond the minimum
acceptable demand. These parameters capture heterogeneous service-side benefit patterns
under bandwidth provisioning. Multiple service classes are not explicitly indexed in the
current model, but their heterogeneous bandwidth requirements can be reflected through
different settings of Bi, Ei, and ri; explicit QoS-priority modeling is left for future work.

Although path and delay information do not explicitly appear in the core variables
{p, bi, Bi, Ei, ri}, they remain relevant in the system. Their role is to determine which
communication option is feasible and visible to a service request, while the subsequent
pricing model focuses on the bandwidth-purchase decision after a feasible option has
been identified.

3.3. Problem Formulation

The problem considered in this paper is to determine a pricing decision that coordi-
nates provider-side revenue and service-side acceptance in the above resource-allocable
communication scenario. The communication resource manager determines the price p,
while each service request chooses bi in response to the announced price and accepts the
allocation only when its minimum requirement is satisfied in a meaningful way.

Because the manager moves first and service requests respond afterward, the interac-
tion naturally forms a leader–follower structure. This motivates a Stackelberg formulation,
in which the manager acts as the leader and the service requests act as followers. Under this
formulation, p is the announced unit bandwidth price, bi is the purchased bandwidth, Bi is
the minimum acceptable demand, Ei is the maximum attainable benefit, and ri is the return
factor of additional bandwidth. The formal utility and revenue models are introduced in
the next section.

4. Stackelberg Game-Based Pricing Model
This section formulates the demand-aware pricing problem as a Stackelberg game. We

consider one communication resource manager and N service requests in the SDN-enabled
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resource-allocable communication network described in Section 3. The manager announces
a unit bandwidth price, and each service request determines its purchased bandwidth in
response to that price. We first consider the case where the aggregate demand induced by
the announced price can be satisfied. The capacity-limited case will be discussed later in
Section 7.

4.1. Model Definition

Let I = {1, 2, . . . , N} denote the set of service requests. The communication resource
manager acts as the leader and determines the unit bandwidth price p, where p > 0. Each
service request i ∈ I acts as a follower and chooses its purchased bandwidth bi after
observing the announced price. The main notation is summarized in Table 1.

Table 1. Main notation used in the pricing model.

Symbol Description

I Set of service requests, I = {1, 2, . . . , N}
p Unit bandwidth price announced by the communication resource manager
bi Purchased bandwidth of service request i under price p
Bi Minimum acceptable bandwidth demand of service request i
Ei Maximum attainable benefit of service request i when price is not considered
ri Return factor of additional bandwidth beyond Bi, where ri ∈ (0, 1]
Ui Utility of service request i
R Revenue of the communication resource manager

In this model, Bi represents the minimum acceptable bandwidth demand that must be
satisfied before a bandwidth purchase becomes meaningful to service request i. The pa-
rameter Ei captures the upper bound of the service-side benefit, while ri characterizes the
return of additional bandwidth beyond the minimum acceptable bandwidth demand.
Therefore, (Bi, Ei, ri) jointly characterizes the service-side demand and benefit profile
of request i.

4.2. Utility and Revenue Functions

The utility of service request i is designed to satisfy three requirements. First,
the request should have an explicit minimum acceptable bandwidth demand. Second,
the service-side benefit should be bounded above. Third, additional bandwidth beyond
the minimum acceptable bandwidth demand should yield heterogeneous returns across
different requests.

Based on these considerations, the utility of service request i is defined as

Ui(bi, p) =
Ei

1 + eri(Bi−bi)
− pbi, bi ≥ Bi. (1)

For clarity, (1) can be decomposed into a benefit term and a payment term:

ui(bi) =
Ei

1 + eri(Bi−bi)
, (2)

ci(bi, p) = pbi, (3)

and
Ui(bi, p) = ui(bi)− ci(bi, p). (4)

The function in (2) is upper-bounded by Ei, which means that the service-side benefit
cannot increase without limit as bandwidth grows. The shifted sigmoid form is adopted as a
tractable satisfaction model for bandwidth provisioning rather than as an empirically fitted
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traffic-demand law. This choice is motivated by the observation that the perceived benefit
of additional bandwidth is usually nonlinear: it increases rapidly around the minimum
service requirement but gradually saturates after the service demand is sufficiently satisfied.
By shifting the sigmoid function with Bi, the main transition region of the benefit function
is placed around the minimum acceptable bandwidth demand, so that Bi can explicitly
represent the service-side admission threshold. Meanwhile, ri controls the steepness of this
transition and therefore characterizes heterogeneous sensitivity to additional bandwidth
among different service requests.

Compared with several common alternatives, the shifted sigmoid utility function
better matches the modeling objective of this work. A linear utility function cannot describe
benefit saturation, while a logarithmic utility function captures diminishing marginal
benefit but does not explicitly place the satisfaction transition around a minimum acceptable
bandwidth threshold. The α-fair utility function is mainly used for fairness-oriented
resource allocation, whereas this work focuses on service-side admission behavior under
price-sensitive bandwidth purchasing.

If no non-negative utility can be obtained over the feasible region bi ≥ Bi, then service
request i does not purchase bandwidth, i.e.,

bi = 0. (5)

The revenue of the communication resource manager is defined as

R(p, b) = p ∑
i∈I

bi, (6)

where b = (b1, b2, . . . , bN) is the bandwidth-demand vector of all service requests. In
this paper, R(p, b) represents the gross revenue of the communication resource manager.
Operational costs, congestion costs, fairness terms, and QoS penalties are not explicitly
included in the objective function, because the present work focuses on the demand-
aware pricing response between the manager and service requests. These factors can be
incorporated as additional cost or penalty terms in an extended cost-aware or QoS-aware
pricing model.

4.3. Stackelberg Formulation

The above interaction is modeled as a Stackelberg game. The communication resource
manager acts as the leader and determines the unit bandwidth price p. Each service request
acts as a follower and chooses its purchased bandwidth by solving

max
bi

Ui(bi, p) s.t. bi ≥ Bi, (7)

when it participates in bandwidth purchasing. If the resulting maximum utility over
bi ≥ Bi is negative, the service request selects bi = 0, which represents non-participation
rather than a bandwidth allocation below the minimum acceptable demand. Equivalently,
the effective decision set is {0} ∪ [Bi, ∞). The rational response assumption is used as
a modeling abstraction for service requests or application-side controllers that adjust
bandwidth demand according to predefined cost–benefit rules.

Accordingly, the communication resource manager solves

max
p>0

R
(

p, b(p)
)
, (8)

where b(p) denotes the follower-side demand response induced by the announced price.
This formulation highlights the key feature of the proposed model: each service
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request responds not only to price but also to its minimum acceptable bandwidth demand.
The equilibrium properties of the proposed game and the structure of the follower-side
response are analyzed in the next section.

5. Equilibrium Analysis
In this section, we analyze the equilibrium properties of the proposed Stackelberg

game. We first show that, for a given price, each follower admits a well-defined optimal
response. We then derive the follower-side best response by backward induction and show
that the resulting demand function is piecewise. This piecewise structure makes it difficult
to obtain a closed-form exact equilibrium in the multi-request case, thereby motivating the
approximate algorithms presented in the next section.

5.1. Existence of Equilibrium

For a given price p, the utility of service request i is

Ui(bi, p) =
Ei

1 + eri(Bi−bi)
− pbi, bi ≥ Bi. (9)

Its first derivative with respect to bi is

∂Ui
∂bi

=
Eirieri(Bi−bi)(

1 + eri(Bi−bi)
)2 − p, (10)

and the second derivative is

∂2Ui

∂b2
i

=
Eir2

i eri(Bi−bi)
(

eri(Bi−bi) − 1
)

(
1 + eri(Bi−bi)

)3 . (11)

Since bi ≥ Bi, we have eri(Bi−bi) ≤ 1, and therefore

∂2Ui

∂b2
i
≤ 0. (12)

Hence, Ui(bi, p) is concave over the feasible region bi ≥ Bi. Therefore, for any given price p,
the follower-side problem admits an optimal solution. If the maximum utility over bi ≥ Bi

is negative, service request i chooses not to purchase bandwidth, i.e., bi = 0. Otherwise, it
chooses the unique maximizer over the feasible region.

Based on the above result, let b∗i (p) denote the best response of service request i under
price p, and let

b∗(p) =
(
b∗1(p), b∗2(p), . . . , b∗N(p)

)
(13)

denote the follower-side response vector. The leader-side revenue is then

R
(

p, b∗(p)
)
= p ∑

i∈I
b∗i (p). (14)

Moreover, for each service request i, the utility decreases with price since

∂Ui
∂p

= −bi ≤ 0. (15)

The Stackelberg equilibrium can be stated through the standard leader–follower opti-
mality conditions. For any given price p > 0, each service request chooses a best response
over the effective decision set {0} ∪ [Bi, ∞), where bi = 0 represents non-participation.
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Since Ui(bi, p) is continuous over bi ≥ Bi, concave over the feasible purchase region, and de-
creases to negative values as bi becomes sufficiently large due to the linear payment term,
the follower-side best response exists for any announced price.

On the leader side, the service-side benefit is upper-bounded by Ei. Therefore, if
p > Ei/Bi, then Ui(bi, p) ≤ Ei − pBi < 0 for all bi ≥ Bi, and service request i chooses bi = 0.
Hence, the provider-side search can be restricted to a bounded price interval, for example,
p ∈ (0, p̄], where

p̄ = max
i∈I

Ei
Bi

. (16)

Within this bounded interval, the follower-side response is piecewise continuous with
a finite number of threshold points because the number of service requests is finite. As a
result, the leader-side revenue

R(p, b∗(p)) = p ∑
i∈I

b∗i (p) (17)

attains at least one maximum over the corresponding piecewise-defined regions. Let
p∗ denote such a revenue-maximizing price and let b∗ = b∗(p∗) be the induced follower
response. Then, each follower maximizes its own utility under p∗, and the leader maximizes
its revenue given the followers’ best responses. Therefore, (p∗, b∗) constitutes a Stackelberg
equilibrium of the proposed game.

5.2. Backward Induction-Based Analysis

We now derive the follower-side best response under a given price p. For convenience,
we first consider the benefit term

ui(bi) =
Ei

1 + eri(Bi−bi)
, (18)

whose first derivative is
∂ui
∂bi

=
Eirieri(Bi−bi)(

1 + eri(Bi−bi)
)2 . (19)

Since ui(bi) is concave over bi ≥ Bi, the derivative in (19) attains its maximum at
bi = Bi. Define

pmax
i =

∂ui
∂bi

∣∣∣∣
bi=Bi

=
Eiri

4
. (20)

Figure 3 provides a qualitative illustration of the marginal benefit under the proposed
utility model. It shows that the marginal benefit decreases as bandwidth increases and that
different parameter settings may lead to different decay patterns.

Equation (20) represents the largest marginal benefit that service request i can obtain
from bandwidth purchase. Therefore, if

p ≥ pmax
i , (21)

the payment slope dominates the marginal utility over the feasible region, and Ui(bi, p)
becomes nonincreasing for all bi ≥ Bi. In this case, the best feasible purchase, if accepted, is
attained at bi = Bi. Since

Ui(Bi, p) =
Ei
2
− pBi, (22)

the corresponding acceptance threshold is defined as

p̂i =
Ei

2Bi
. (23)
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Figure 3. Qualitative illustration of the marginal benefit of bandwidth under the proposed utility
model for two illustrative settings with r1 = 0.6 and r2 = 0.3.

Thus, when p ≥ pmax
i ,

b∗i (p) =

Bi, p ≤ p̂i,

0, p > p̂i.
(24)

We next consider the case
0 < p < pmax

i . (25)

Setting (10) to zero gives the first-order condition

Eirieri(Bi−bi)(
1 + eri(Bi−bi)

)2 = p. (26)

Let
xi = eri(Bi−bi). (27)

Then, (26) becomes
px2

i + (2p− Eiri)xi + p = 0. (28)

The two roots are

xi,1 =
Eiri − 2p +

√
Eiri(Eiri − 4p)

2p
, (29)

xi,2 =
Eiri − 2p−

√
Eiri(Eiri − 4p)

2p
. (30)

Because bi ≥ Bi implies xi ≤ 1, the feasible interior solution is obtained from xi,2.
Hence, the interior candidate is

b̃i(p) = Bi −
1
ri

ln

(
Eiri − 2p−

√
Eiri(Eiri − 4p)

2p

)
. (31)
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Substituting (31) into (9), the corresponding utility is

Ui
(
b̃i(p), p

)
=

Ei
1 + xi,2

− p
(

Bi −
1
ri

ln xi,2

)
, (32)

where xi,2 is given by (30).
At this point, the follower-side response becomes piecewise according to the relation

between Bi and ri.

5.2.1. Case 1: Biri ≤ 2

When Biri ≤ 2, we have p̂i ≥ pmax
i . In this case, the utility at the feasible optimum re-

mains non-negative up to the boundary price pmax
i , and no additional zero-utility threshold

is needed. Therefore, the best response is

b∗i (p) =


0, p > p̂i,

Bi, pmax
i ≤ p ≤ p̂i,

b̃i(p), 0 < p < pmax
i .

(33)

5.2.2. Case 2: Biri > 2

When Biri > 2, the utility at the boundary point bi = Bi becomes negative before p
reaches pmax

i . In this case, there exists a threshold

pzero
i ∈ (0, pmax

i ) (34)

such that
Ui
(
b̃i(pzero

i ), pzero
i
)
= 0. (35)

Hence, the best response becomes

b∗i (p) =

0, p > pzero
i ,

b̃i(p), 0 < p ≤ pzero
i .

(36)

Equations (33) and (36) show that the follower-side response is a piecewise function
jointly determined by the price and the service-side parameters. In particular, the minimum
acceptable bandwidth demand Bi plays a decisive role in shaping the response region.

Substituting the follower-side response into the leader-side objective yields

R
(

p, b∗(p)
)
= p ∑

i∈I
b∗i (p), (37)

which is a multi-segment function under heterogeneous service parameters. Since each
service request contributes only a finite number of price thresholds, the number of price
segments grows at most linearly with the number of service requests. As the number of
service requests increases, the segmentation structure becomes increasingly complicated,
and a direct closed-form exact equilibrium is difficult to obtain. For this reason, the next
section develops approximate solution algorithms for different scenarios.

6. Solution Algorithms
As shown in Section 5, the follower-side best response is piecewise-defined, and the

leader-side revenue
R
(

p, b∗(p)
)
= p ∑

i∈I
b∗i (p) (38)
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becomes a multi-segment function with heterogeneous threshold points across service
requests. In multi-user scenarios, directly characterizing the exact equilibrium in closed
form is difficult. For this reason, this section develops two approximate solution methods
for different information settings.

When service requests do not reveal their utility parameters, the communication
resource manager cannot directly evaluate the response function in Section 5. In this
case, a distributed iterative algorithm is used. When the manager can obtain the service-
side parameters and compute follower responses through backward induction, a genetic
algorithm is adopted to search for a more accurate approximate equilibrium.

6.1. Distributed Iterative Algorithm

The distributed iterative algorithm is designed for privacy-sensitive settings in which
the communication resource manager does not know the detailed utility parameters of
individual service requests. The manager only announces a price, collects the bandwidth
responses returned by service requests, and updates the price iteratively.

Let λ > 0 denote the price step size. Starting from an initial price p(0) = λ, the manager
broadcasts the current price p(t) to all service requests. Each service request computes
its best response b∗i (p(t)) according to the piecewise expressions derived in Section 5 and
feeds the result back to the manager. After receiving all responses, the manager computes
the revenue

R(t) = p(t) ∑
i∈I

b∗i (p(t)), (39)

stores the current price–response pair, and then updates the price as

p(t+1) = p(t) + λ. (40)

The procedure terminates when all service requests reject the current price, i.e.,

b∗(p(t)) = (0, . . . , 0), (41)

or when a prescribed iteration limit is reached. The final approximate solution is selected
from the recorded history as

p† = arg max
t

R(t), b† = b∗(p†). (42)

The above procedure terminates in finite time for any λ > 0, because the follower-side
demand eventually vanishes as the announced price exceeds the effective acceptance range
derived in Section 5. Therefore, after a finite number of updates, the algorithm reaches a price
at which no service request purchases bandwidth, and the best recorded historical solution is
returned. The procedure of the distributed iterative algorithm is summarized in Algorithm 1.

In Step 3 of Algorithm 1, each service request computes its bandwidth response under
the announced price based on its own service-side parameters and the best-response results
derived in Section 5. Specifically, service request i first identifies the applicable response case
according to the relationship among Bi, ri, and the relevant price thresholds, including pmax

i ,
p̂i, and, when applicable, pzero

i . It then returns the corresponding bandwidth demand, which
may be b̃i(p(t)), Bi, or zero. If the maximum utility over the feasible region bi ≥ Bi is negative,
the service request returns zero demand, indicating that it does not purchase bandwidth at
the current price. After collecting the responses from all service requests, the communication
resource manager calculates the revenue according to (39) and records the current price,
demand vector, and revenue value. The final solution in (42) is therefore chosen from all
recorded iterations, rather than being determined only by the terminal price.
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Algorithm 1 Distributed Iterative Pricing

1: Initialize the price as p(0) = λ and set t = 0.
2: Broadcast p(t) to all service requests.
3: Each service request i computes b∗i (p(t)) according to Section 5 and returns it to the

manager.
4: The manager computes R(t) by (39) and stores

(
p(t), b∗(p(t)), R(t)).

5: if b∗(p(t)) = (0, . . . , 0) then
6: Terminate.
7: else
8: Update the price by (40), set t← t + 1, and repeat from Step 2.
9: end if

10: Output p† and the corresponding b† according to (42).

This algorithm has a low information requirement and is suitable when service re-
quests are unwilling to disclose their utility parameters. Its main limitation is that it requires
repeated price broadcasting and response collection, and it does not guarantee the global
optimum for an arbitrary step size λ. Since the algorithm evaluates only the discrete price
sequence generated by the step size, an excessively large λ may skip a narrow high-revenue
region and return only the best sampled price.

6.2. Genetic Algorithm Based on Backward Induction

When the communication resource manager can obtain the service-side parameters,
the follower-side best responses in Section 5 can be evaluated directly for any candidate
price. In this case, the pricing problem can be converted into a one-dimensional search
over the price variable, and a genetic algorithm is adopted to obtain a more accurate
approximate equilibrium.

For each service request i, define the effective upper bound of acceptable price as

p̄i =

 p̂i, Biri ≤ 2,

pzero
i , Biri > 2,

(43)

and define the global search upper bound as

p̄ = max
i∈I

p̄i. (44)

Then, the feasible price interval for the genetic algorithm is

p ∈ (0, p̄]. (45)

Each chromosome encodes a candidate price p. Since the leader-side revenue is piecewise-
defined and may contain multiple local maxima, the initial population is generated by uniform
sampling over (0, p̄]. For a chromosome with value p, the corresponding follower responses
are computed by the backward-induction formulas in Section 5, and the fitness is defined as

F(p) = R
(

p, b∗(p)
)
. (46)

Thus, individuals with higher revenue are assigned higher fitness.
Tournament selection is adopted to reduce the risk of premature convergence. Let p(1)

and p(2) be two selected parent chromosomes, where F(p(2)) ≥ F(p(1)). The offspring is
generated by the directional crossover

pchild = p(1) + η
(

p(2) − p(1)
)
, (47)
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where η ∈ (0, 1) is the crossover ratio. Following the original design, η is set to 0.4. A muta-
tion operator is further introduced with mutation probability µm to maintain population
diversity and help the search escape local optima. Following the original setting, µm is
set to 0.025. In addition, an elitism strategy is used: the best individuals in the current
generation are copied to the next generation, so that high-quality solutions are not lost
during evolution.

Let G(n) denote the population at generation n. The iterative procedure continues
until the best individual remains unchanged for a prescribed number of generations.
In the implementation adopted here, the algorithm stops when the best chromosome is
unchanged for 10 consecutive generations. The final price returned by the algorithm is
the chromosome with the highest fitness in the last generation. The procedure of the
backward-induction-based genetic algorithm is summarized in Algorithm 2.

Algorithm 2 Genetic Algorithm Based on Backward Induction

1: Uniformly initialize a population of candidate prices over (0, p̄].
2: For each chromosome p, compute the follower-side response b∗(p) by the backward-

induction formulas in Section 5.
3: Evaluate the fitness of each chromosome using (46).
4: Generate the next population by tournament selection, crossover using (47), mutation,

and elitism.
5: if the best chromosome is unchanged for 10 consecutive generations then
6: Terminate.
7: else
8: Repeat from Step 2.
9: end if

10: Output the chromosome with the highest fitness, denoted by p⋆GA, together with its
corresponding follower response b∗(p⋆GA).

In Algorithm 2, each chromosome represents a candidate unit bandwidth price. For a
given chromosome p, Step 2 computes the follower-side response vector b∗(p) by applying
the backward-induction formulas derived in Section 5 to all service requests. Then, in Step
3, the obtained response vector is substituted into the leader-side revenue function, and the
resulting revenue is used as the fitness value according to (46). Thus, the fitness evaluation
reflects the revenue achieved by the communication resource manager under the candi-
date price and the corresponding follower-side demand response. Based on these fitness
values, the tournament selection, crossover, mutation, and elitism operations in Step 4 are
performed to generate the next population.

Compared with the distributed iterative algorithm, this method directly uses the
analytical follower response derived in Section 5 and therefore provides a more refined
search over the price space. It is suitable when the manager can access or estimate the
service-side parameters. Its main limitation is the stronger information requirement. In sum-
mary, the distributed iterative algorithm is appropriate for privacy-sensitive scenarios with
limited information sharing, whereas the genetic algorithm is more suitable for settings
in which service-side parameters are available and higher solution accuracy is desired.
The performance of both algorithms is evaluated in Section 7.

7. Simulation Results and Discussion
7.1. Simulation Setup

All simulations are conducted in MATLAB 2022b. Bandwidth is measured in Mbps,
and the unit price p is expressed in price per Mbps. The payment of service request i is pbi,
and the provider revenue is R = p ∑i∈I bi. The simulations are intended to evaluate model
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behavior and algorithm performance under the proposed pricing framework, rather than
to claim general performance superiority over all existing pricing mechanisms.

This section addresses four questions. First, how do the service-side parameters Ei,
Bi, and ri affect utility, bandwidth demand, and pricing behavior? Second, how does the
provider-side pricing behavior change under heterogeneous service requests? Third, how
do the distributed iterative algorithm and the backward-induction-based genetic algorithm
compare in convergence behavior and computational efficiency? Fourth, how do the pricing
results change in multi-user and capacity-limited scenarios?

Unless otherwise stated, the distributed iterative algorithm uses the price step size
specified in the corresponding experiment. For the genetic algorithm, the initial population
is generated uniformly over the search interval, and the algorithm terminates when the
best individual remains unchanged for 10 consecutive generations. The detailed settings
used in the algorithm comparison are reported in Section 7.4.

7.2. Impact of User-Side Parameters

We first examine the effects of the service-side parameters in the utility model. The pa-
rameter Ei determines the maximum attainable benefit of service request i, Bi determines
the minimum acceptable bandwidth demand, and ri controls the return of additional
bandwidth beyond the minimum acceptable demand. These three parameters jointly deter-
mine whether a service request accepts the announced price and how much bandwidth
it purchases.

As shown in Figure 4, a larger Ei increases the attainable service-side utility under the
same pricing condition. Since Ei is the upper bound of the benefit term, increasing Ei effec-
tively lifts the utility surface and enlarges the positive-utility region. This implies a stronger
willingness to remain active under higher prices. In addition, according to (20) and (23),
both the critical marginal-benefit price pmax

i and the acceptance threshold p̂i increase with
Ei. Therefore, service requests with larger Ei are more likely to remain active at higher
prices and to sustain larger purchased bandwidth once they are admitted.

Figure 5 shows that a larger Bi shifts the utility-effective region to a larger bandwidth
level, reflecting a stricter service-side acceptance threshold. In economic terms, Bi deter-
mines the minimum bandwidth level from which resource purchase becomes meaningful.
When Bi increases, the minimum acceptable operating point shifts to a larger bandwidth
region, making the service request more sensitive to the announced price and more likely to
reject insufficient allocations. Moreover, from (23), the acceptance threshold p̂i = Ei/(2Bi)

decreases as Bi increases. Hence, although a larger Bi corresponds to a higher minimum
service requirement, it also narrows the price region in which the request is willing to
remain active.

Figure 6 illustrates that ri changes the curvature of the utility function and thus affects
how quickly the marginal benefit of additional bandwidth saturates. A larger ri makes the
marginal gain of additional bandwidth saturate faster, while a smaller ri implies that more
bandwidth is needed before the service-side benefit approaches its upper bound. At the
same time, (20) shows that pmax

i = Eiri/4 increases with ri, which means that the request
can tolerate a larger marginal price at the minimum acceptable demand point. Therefore, ri

primarily affects the demand response beyond the minimum acceptable bandwidth level
and plays an important role in shaping the local sensitivity of the purchased bandwidth
to price.

Taken together, Figures 4–6 show that the three parameters affect follower behavior in
different ways. This supports the use of (Ei, Bi, ri) as heterogeneous demand descriptors in
the proposed pricing model.
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Figure 4. Impact of Ei on the service-side utility under the proposed pricing model.

Figure 5. Impact of Bi on the service-side utility under the proposed pricing model.

Figure 6. Impact of ri on the service-side utility under the proposed pricing model.
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7.3. Pricing Behavior Under Heterogeneous Users

As shown in Figure 7, larger Ei generally supports a higher price level because the
corresponding service requests can tolerate larger payments while still maintaining positive
utility. From the provider-side perspective, increasing Ei enlarges the price region in which
the associated request remains active, so the demand reduction caused by price increases
becomes less severe. This allows the provider to maintain a higher announced price before
the demand of high-Ei requests collapses to zero. The figure also shows that the revenue-
maximizing point is determined by the joint effect of price and admitted bandwidth, rather
than by price alone. Therefore, a larger Ei not only raises the attainable utility of the service
request, but also improves the provider-side flexibility in setting a profitable price.

Figure 7. Pricing behavior under heterogeneous Ei. The asterisk it denotes the optimal/equilibrium value.

Figure 8 shows that the effect of Bi is more structural. A larger minimum acceptable
bandwidth demand reduces the feasible response region and changes the points at which
service requests leave the market. Compared with the case of varying Ei, changing Bi

does not simply shift the price tolerance upward or downward; instead, it modifies the
admission structure itself. In particular, when Bi is large, a request may remain inactive
unless the available purchase level can satisfy its minimum service requirement, which
makes the provider-side revenue curve more sensitive to the disappearance of individual
requests. As a result, both the admitted demand profile and the final provider-side price
can change significantly when heterogeneous Bi values are present.

Figure 9 indicates that the return factor ri mainly changes the willingness to purchase
bandwidth beyond the minimum acceptable level. Specifically, heterogeneous ri values
lead to different decay rates of bandwidth demand as the price increases, which means that
the provider observes different demand elasticities from different requests. In the figure,
this effect appears as different dropping patterns of the follower-side bandwidth curves
and a corresponding change in the revenue-maximizing price. Therefore, unlike Bi, which
mainly affects the acceptance threshold, ri mainly reshapes the local response pattern after
admission and thus changes how the provider balances price increase against aggregate
demand loss.

Taken together, Figures 7–9 show that heterogeneous service attributes affect provider-
side pricing through different mechanisms: Ei mainly enlarges the price-tolerant utility
region, Bi changes the admission structure through the minimum acceptable demand,
and ri reshapes the post-admission demand elasticity. This explains why the provider-side
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revenue function becomes increasingly difficult to characterize exactly when heterogeneous
requests coexist.

Figure 8. Pricing behavior under heterogeneous Bi. The asterisk it denotes the optimal/equilibrium value.

Figure 9. Pricing behavior under heterogeneous ri. The asterisk it denotes the optimal/equilibrium value.

7.4. Performance of the Proposed Algorithms

We further evaluate the performance of the two proposed algorithms. The backward-
induction-based genetic algorithm can directly use the analytical follower-side response
derived in Section 5, whereas the distributed iterative algorithm only relies on repeated
price broadcasting and response collection. Therefore, this subsection focuses on two
aspects: the convergence behavior of the genetic algorithm and the computational cost of
the two methods.

As shown in Figure 10, the best individual converges to a stable price value, while the
population fitness gradually concentrates near the high-fitness region. This indicates that
the proposed genetic algorithm is able to move the population toward a stable high-revenue
region rather than oscillating over widely separated candidate solutions. In other words,
the evolutionary process does not merely preserve an isolated good individual; it also
improves the overall population quality as the generations proceed.

https://doi.org/10.3390/en19122846

https://doi.org/10.3390/en19122846


Energies 2026, 19, 2846 20 of 26

Figure 10. Best individual and population fitness evolution.

Figure 11 further shows that the best fitness stabilizes after several generations, indi-
cating effective convergence of the proposed genetic algorithm. A noticeable improvement
is obtained in the early generations, after which the fitness variation becomes much smaller.
This behavior suggests that the search process first identifies the promising price region
quickly and then performs local refinement around that region. Such a convergence pattern
is consistent with the piecewise structure of the provider-side revenue function derived in
Section 5.

Table 2 reports the runtime comparison over repeated test instances. The distributed
iterative algorithm requires an average runtime of 53.6701 s, whereas the genetic algorithm
requires an average runtime of 12.266 s. Therefore, in the reported experiments, the genetic
algorithm reduces the runtime by approximately a factor of four while maintaining stable
convergence behavior. In addition, the average number of convergence generations is 28.6,
which is consistent with the stabilization trend observed in Figures 10 and 11.

Table 2. Performance comparison of the proposed algorithms.

Trial Distributed Iterative
Algorithm (s) Genetic Algorithm (s) Convergence

Generations

1 54.329 12.273 14
2 53.119 12.339 31
3 56.455 12.555 28
4 56.855 10.786 27
5 55.172 13.554 35
6 51.653 12.476 31
7 51.835 12.143 29
8 51.227 14.604 35
9 53.203 11.730 30

10 52.853 10.200 26

Average 53.670 12.266 28.6

These results show that the backward-induction-based genetic algorithm provides a
more efficient search mechanism when the service-side parameters are available. By con-
trast, the distributed iterative algorithm remains useful in privacy-sensitive settings, but its
computational cost is higher because it relies on repeated price broadcasting and response
collection over a discretized price grid. Therefore, the two algorithms are appropriate for
different operational conditions: the distributed iterative algorithm is more suitable when
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private utility information is unavailable, whereas the genetic algorithm is more attractive
when stronger information availability allows faster equilibrium search.

Figure 11. Evolution of the best fitness across generations.

7.5. Multi-User and Capacity-Limited Scenarios

We finally examine larger multi-user and capacity-limited scenarios. In the multi-user
experiment, the service-request parameters are generated randomly, so that the resulting
demand profiles cover diverse combinations of minimum acceptable bandwidth demand,
attainable benefit, and additional-bandwidth return.

As shown in Figure 12, the provider-side price gradually stabilizes as the number
of service requests increases. This behavior indicates that the aggregate demand profile
becomes more regular in large-population scenarios. A key reason is that, as the user
population grows, the proportion of requests with medium-level bandwidth requirements
becomes more stable, so excessively aggressive pricing would cause the provider to lose a
large portion of otherwise profitable demand. As a result, the revenue-maximizing price
no longer fluctuates strongly with individual user attributes and instead converges toward
a relatively stable level.

Figure 13 shows that, in the reported simulations, the average revenue contributed
by each service request varies within a relatively narrow range, whereas the total
provider revenue increases with the number of participating requests. This indicates that
the gain in total revenue mainly comes from the enlargement of the admitted user pop-
ulation rather than from extracting substantially higher revenue from each individual
request. In this sense, the multi-user results suggest that moderate pricing can be more
beneficial than aggressive pricing in scenarios with large numbers of users, because a
lower but acceptable price helps preserve a broader demand base and leads to more
stable aggregate revenue.

We next consider the capacity-limited case. Let C denote the total available bandwidth
capacity. If

∑
i∈I

b∗i (p) > C, (48)

the provider admits only a subset of service requests so as to maximize its revenue under the
capacity constraint. This exhaustive subset evaluation is used only for small-scale validation
and for illustrating the capacity-threshold effect caused by minimum acceptable bandwidth
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demands. Its worst-case computational complexity grows exponentially with the number
of service requests, and therefore it is not intended for large-scale online implementation.

Figure 12. Provider-side pricing behavior in the multi-user scenario.

Figure 13. Average revenue per service request and total provider revenue in the multi-user scenario.

Figure 14 shows that provider revenue and the selected price change discretely with
network capacity when minimum acceptable bandwidth demands are considered. Capacity
expansion changes not only the feasible admitted demand, but also the price selected
by the provider. This is because the minimum acceptable bandwidth demand prevents
the provider from using arbitrarily small residual capacity to serve additional requests.
Therefore, the effective revenue is determined by both the announced price and the set of
users whose minimum requirements can be jointly satisfied under the current capacity limit.

As shown in Figure 15, a small increase in capacity may produce a sharp revenue
gain when the additional bandwidth becomes sufficient to admit one more service re-
quest whose minimum acceptable demand was previously unmet. This result reflects a
threshold effect induced by minimum-demand constraints: once the available capacity
crosses a critical boundary, the feasible admission set changes, and the provider may
switch to a more profitable allocation strategy. These results indicate that, under capacity
constraints, the provider-side pricing decision is jointly shaped by aggregate demand, ad-
mission feasibility, and the minimum acceptable bandwidth requirements of heterogeneous
service requests.
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Figure 14. Provider revenue and price under limited network capacity.

Figure 15. Provider revenue and resource allocation under limited network capacity.

It should also be noted that, because the current provider-side objective focuses on
revenue maximization, the admitted subset under a capacity constraint is not necessarily
fairness-preserving. A request with a high minimum acceptable bandwidth demand may
be excluded if its admission consumes a large amount of capacity but provides a lower
revenue contribution than other feasible request combinations. In the unconstrained case,
the provider does not explicitly exclude requests, because each request independently
decides whether to participate according to its own utility under the announced price.
However, under limited capacity, the revenue-oriented admission rule may disadvantage
requests with large minimum bandwidth requirements. Fairness-aware admission con-
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straints, service-priority rules, or minimum service guarantees can be incorporated into the
provider-side problem in an extended model.

In addition, the current model responds to traffic variation through price recomputa-
tion across pricing intervals, but it does not explicitly model sudden traffic spikes or bursty
demand; burst-aware or robust dynamic pricing will be considered in future work.

8. Conclusions
This paper studied demand-aware dynamic pricing in an SDN-enabled resource-

allocable communication network motivated by smart grid-inspired service scenarios.
A pricing-oriented abstraction was first established to describe how service requests ob-
serve network-state information and adjust their bandwidth purchases in response to the
announced unit price. Based on this abstraction, a Stackelberg game was formulated to char-
acterize the interaction between a communication resource manager and multiple service
requests, where the minimum acceptable bandwidth demand of each request was explicitly
incorporated into the utility model to reflect service-side acceptance behavior. The equilib-
rium properties of the proposed game were then analyzed, the follower-side best response
was derived through backward induction, and two approximate solution methods, namely,
a distributed iterative algorithm and a backward-induction-based genetic algorithm, were
developed for different information settings. Simulation results further showed how the
service-side parameters affect bandwidth demand and provider pricing, and evaluated the
proposed methods in heterogeneous-user, multi-user, and capacity-limited scenarios.

The current model still focuses on bandwidth-oriented pricing and does not explicitly
incorporate delay, reliability, packet loss, or other QoS requirements into the utility and
pricing functions. Therefore, compared with a multi-dimensional QoS-aware pricing ap-
proach, the proposed model characterizes the pricing problem mainly from the bandwidth
dimension and does not yet capture the tradeoffs among multiple service-quality attributes.
In addition, the proposed pricing mechanism has been evaluated through model-based
simulations, but has not yet been validated in a real communication environment. Future
work will therefore extend the model to multi-dimensional QoS-aware pricing and further
evaluate it in practical deployment scenarios.
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