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Abstract
To address the multi-controller load imbalance problem in software-defined net-
works, a master controller reselection model based on non-cooperative game
theory for load shedding is proposed. First, dynamic thresholds are utilized
to identify overloaded controllers. Second, a priority-based switch migration
decision mechanism is adopted. Finally, an optimization model is constructed
with the load balancing degree of the controller cluster, average total delay, and
switch migration cost as the utility function, which is solved using an improved
genetic algorithm wherein a similarity operator is incorporated to enhance the
speed and accuracy of seeking the global optimal solution. Experimental results
demonstrate that the mechanism effectively balances the load of the control
plane and optimizes network performance.
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Abstract: To address the problem of multi-controller load imbalance in
Software-Defined Networking (SDN), this paper proposes a Non-cooperative
Game Theory-based Master Controller Reselection model for load reduction
(GTMCR). First, dynamic thresholds are employed to identify overloaded
controllers. Second, a priority-based decision mechanism for migrating switches
is adopted. Finally, an optimization model is constructed with the load bal-
ancing degree of controller clusters, average total delay, and switch migration
cost as utility functions, which is solved using an improved genetic algorithm.
A similarity operator is introduced to enhance the speed and accuracy of
seeking the global optimal solution. Experimental results demonstrate that this
mechanism effectively balances the control plane load and optimizes network
performance.

Keywords: software defined networking (SDN); non-cooperative game; load
balancing; switch migration; genetic algorithm; operator

0 Introduction
Software-Defined Networking (SDN) [1] represents a novel Internet architecture
that not only achieves separation between the control and data planes but also
enables flexible and convenient network configuration and management through
centralized controller control. However, due to dynamic changes in network
scale and traffic volume, controllers may experience load imbalance, leading to
network malfunction. Overloaded controllers may also become vulnerable to
malicious traffic attacks, affecting normal network communication and posing
new challenges to stable and efficient network services. Therefore, research on
load balancing among multiple controllers is of significant importance.

Currently, multi-controller deployment is mostly accomplished through static
approaches [2,3]. In real communication environments, however, network traf-
fic varies dynamically. Consequently, designing dynamic controller-switch map-
ping mechanisms to reduce controller response time and better utilize controller
resources plays a vital role in improving the scalability and reliability of the
SDN control plane. Liu et al. [4] proposed a phased dynamic load balancing
strategy targeting the controller load imbalance problem caused by dynamic
traffic changes in SDN, which focused solely on minimizing migration cost with-
out considering other optimization objectives. Huang et al. [5] introduced a
Clustering-based Genetic Algorithm with Cooperative Clusters (CGA-CC) to
address dynamic controller deployment, employing a scheduling algorithm based
on request allocation probabilities across all controllers to balance the trade-off
between scheduling performance and scalability. However, they did not provide
detailed description of metric weight allocation, resulting in limited load balanc-
ing effectiveness. Adekoya et al. [6] developed an Improved Switch Migration De-
cision Algorithm (ISMDA) that selects optimal controller deployment schemes
through migration models based on traffic capacity constraints for migrating
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switches, though further experiments are needed to validate the algorithm’s
feasibility and effectiveness.

Comprehensive consideration of current controller deployment schemes [7] re-
veals that load balancing is achieved through switch migration among multiple
controllers. The main challenges are: from the controller’s perspective, how to
determine the overloaded state and which switch to migrate to achieve master-
slave controller remapping for control plane load balancing; from the switch’s
perspective, which target controller to map to for load balancing and how to
design dynamic mapping objectives between controllers and switches.

1 Related Work
In recent years, regarding the identification of overloaded controllers in multi-
controller architectures, Lan et al. [8] proposed a dynamically adaptive load bal-
ancing strategy with predefined load weights, which significantly reduced flow
overhead but exhibited poor performance in controller response time. Mokhtar
et al. [9] presented a multi-threshold load balancing switch migration scheme
that introduced indicators for transmitting load information and achieved con-
tinuous load balancing among controllers through gradual dynamic threshold
adjustment. However, the indicators increase computational costs for load bal-
ancing and suffer from poor real-time performance.

The selection of switches for migration mostly adopts random principles, with
traditional approaches failing to consider the load of the destination domain, eas-
ily causing secondary overload. Therefore, Xiao et al. [10] proposed a Decision-
Making Scheme of Switch Migration (DMSSM) for the SDN control plane, which
introduced a migration benefit model to address migration decision problems
by forming a set of switches in the migration domain and measuring switches to
be migrated based on load balancing rate and transmission delay, though total
migration delay was not considered. Sahoo et al. [11] designed a load balancing
algorithm that minimizes load differences among controllers to select switches
for migration, but it failed to account for controller load capacity. Controllers
with small capacity may become overloaded after migration, potentially trigger-
ing erroneous switch migrations. Zhong et al. [12] proposed a prediction-based
dual-weight switch migration scheme for SDN load balancing that uses historical
traffic load data to predict future traffic loads and reduces switch migration fre-
quency, but traffic prediction requires additional processing time, undoubtedly
increasing computational costs.

Regarding the deployment of target controllers for migrating switches, Yuan
et al. [13] proposed a Genetic Algorithm-based Controller Placement Approach
(GAPA) to solve controller configuration problems. This method demonstrates
good performance in reducing average propagation delay between SDN switches
and controllers while achieving better balance among controllers. However, its
crossover and mutation genetic operators employ traditional fixed values, caus-
ing it to miss optimal deployment schemes and resulting in suboptimal optimiza-
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tion performance. Mohanty et al. [14] proposed an effective genetic algorithm-
based controller placement method (Proposed GA) that minimizes propagation
delay and optimization cost to find optimal controller positions with minimal
cost, but the algorithm suffers from slow convergence, leading to excessively
long deployment times and inefficient mapping strategies. Ibrahim et al. [15]
presented a Genetic Algorithm (GA) to determine the optimal positions and
number of controllers, minimizing delay as the optimization objective while re-
ducing iteration counts and ensuring load balancing among controllers, though
the selection operator in the algorithm yields less reasonable strategies.

For multi-objective optimization in selecting target controllers, Schütz et al. [16]
proposed a comprehensive mathematical formalization for controller deploy-
ment that determines switch-controller mapping relationships based on propaga-
tion delay and controller capacity while maintaining balanced load distribution
among controllers. However, their approach only optimizes average propagation
delay without considering transmission and processing delays. Ibrahim et al. [17]
introduced a Greedy Random Search (GRS) algorithm to solve dynamic allo-
cation problems between nodes and controllers, achieving maximum resource
utilization for load balancing through controller position and quantity alloca-
tion. Such strategies require correct controller placement to improve network
reliability and cost-effectiveness but fail to consider factors beyond resource uti-
lization. Zhong et al. [18] proposed the Assessing Profit of Prediction (APOP)
scheme, a load balancing strategy for multi-controller control planes based on
overload state prediction and profit evaluation, but it only considers load bal-
ancing degree without optimizing other network performance factors such as
communication delay.

Based on the current literature survey, to minimize computational cost and
response delay as much as possible, this paper adopts a dynamic threshold
method for overloaded controller selection. The selection of switches for migra-
tion comprehensively considers traffic variation, load capacity, and migration
distance, employing a priority-based approach. For target controller selection,
an improved genetic algorithm is used, which introduces a similarity operator to
accelerate convergence while adjusting selection, crossover, and mutation opera-
tors to ensure optimal deployment strategies. By combining migrating switches
with master controller reselection and considering the impact on network per-
formance before and after migration, the designed optimization objectives com-
prehensively incorporate the following metrics: uniform load across controllers,
maximized resource utilization, reduced total delay between control and data
planes, and minimized switch migration cost. Through this switch migration
approach for control plane load distribution, this work provides solutions and
modeling insights for multi-controller load balancing strategy research.
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2.2 Non-Cooperative Pure Strategy Nash Equilibrium
Model
Non-cooperative game theory addresses how to make decisions to maximize
one’s own benefit in situations where interests are mutually influential, i.e.,
the strategy selection problem. To solve the problem of determining target con-
troller deployment strategies that maximize utility function values, this paper
constructs a non-cooperative game model for SDN networks. The game model
can be represented as a triple tuple, with the following three elements:

a) Participants Q: Slave controllers that are not overloaded serve as partic-
ipants, excluding overloaded controllers. In Equation (2), Cr represents
the set of overloaded controllers.

b) Strategy Set P: A pure strategy refers to selecting a strategy with proba-
bility 0 or 1, meaning participants use only one strategy from the strategy
set. Overloaded controller Cr migrates switches Si (i�(1,m)) under its
control domain to target controller Ck. The game proceeds among the
controller set Q. After selecting the game opponent Ct, each participant
has two pure strategies, represented by Equation (3).

c) Utility Function U: The utility of all participants under a specific strat-
egy combination. It includes controller load, total delay between switches
and controllers, and switch migration cost.

Definition 1: Utility Function Based on Controller Load Balancing
Degree. In the interaction packets communicating with controllers, data pack-
ets from various switches dominate, such as Packet_{In} messages. Therefore,
this paper uses the number of Packet_{In} messages processed by controllers to
calculate controller load. Rj represents the maximum number of Packet_{In}
packets processed by controller Cj per unit time, ri represents the number of
Packet_{In} packets generated by switch Si per unit time, and M represents
the number of switches to be migrated. Controller load can be calculated using
Equation (4).

The average load degree of controllers can be represented by Equation (5). To
reflect the load balancing distribution of the SDN control plane, the load balanc-
ing degree u1 of the controller cluster is adopted as the metric, obtaining load
difference among controllers through standard deviation, as shown in Equation
(6).

2.1 SDN Distributed Network Model
The network topology is represented as G(V,E), where V and E denote the sets
of nodes and links, respectively. The n controllers and m switches in the network
are represented as C = {C1, C2, ⋯, C�} and S = {S1, S2, ⋯, S�}, respectively.
The mapping relationship between switches and controllers is represented by
a mapping matrix (1), which indicates the link conditions between network
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nodes. According to the controller’s management scope, the network is divided
into several subdomains, each including a controller and its managed switches.
In a multi-controller architecture, based on different switch access permissions,
the OpenFlow 1.3 protocol defines three types of controllers with different role
functions: equal controllers, master controllers, and slave controllers. Among
them, master and equal controllers are responsible for managing and controlling
switches, while slave controllers can only read switch status without managing
them.

Definition 2: Utility Function Based on Average Delay Between
Switches and Controllers. The delay between switches and controllers
determines the real-time performance of decision distribution and affects
overall network performance. The delay of data packets between switches
and controllers mainly includes propagation delay and queuing delay during
network congestion. The average total delay from switches to controllers is used
as the measurement standard, as shown in Equation (7), where Tij represents
the total delay from switch Si to controller Cj.

That is, the utility function values all satisfy the inequality.

3 Controller Load Balancing Model
Definition 3: Utility Function Based on Average Switch Migration
Cost. During switch migration, achieving control right transfer requires a com-
plex role conversion process. When the switch to be migrated is determined,
the controller installs Flow_{Mod} rules within the domain to the migrating
switch, incurring overhead PI as shown in Equation (8), where 𝜏 represents the
average size of flow table installation packets (including Flow_{Mod} message
packets, etc.), and lij represents the shortest reachable inter-node link length
from switch Si to target controller Cj.

The communication cost of switch migration arises from the cost of deploying
flow policies, primarily influenced by the number and size of messages that
need to be migrated, including the communication cost PC between migrating
switches and incoming/outgoing controllers, as shown in Equation (9). � rep-
resents the average size of switch communication message packets (including
Packet_{In} packets, etc.), and a0ij and aij represent the mapping relation-
ships between switch Si to be migrated and target controller Cj before and after
migration, respectively.

When the migrating switch sends flow requests to the target controller, migra-
tion request cost PM is generated, as shown in Equation (10), where � represents
the average size of switch migration request message packets (including Role-
Request message packets, etc.).

The number of switch migrations can be represented by Equation (11). This
paper comprehensively considers migration rule flow table installation cost PI,
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communication cost PC, and migration request cost PM. Equation (12) repre-
sents the average migration cost u3.

If u1, u2, and u3 are taken as objective functions, the problem of finding the
optimal controller-switch mapping matrix relationship can be transformed into
a multi-objective optimization model. The optimization model in Equation (13)
seeks the optimal solution to minimize ui values, i.e., minimizing load differences
among controllers, total delay between switches and controllers, and switch
migration cost.

For the load-imbalanced control plane, this chapter first identifies overloaded
controllers through the ODT method, then uses the PDSS strategy to select
switches under overloaded controllers for migration to target controllers
deployed by the GAIMO algorithm. Finally, the Game Theory-based load-
reduction Master Controller Reselection model (GTMCR) performs load
reduction on overloaded controllers in the controller cluster, thereby achieving
control plane load balancing. The algorithm concept is illustrated in Figure 1
[Figure 1: see original paper].

3.1 Overloaded Controller Determination Strategy ODT
For overloaded controller determination, this paper designs an Overloaded Dy-
namic Thresholds mechanism (ODT), where the threshold LT is dynamically
adjusted based on the overall control plane load status, as defined in Equation
(14).

In this model, to reduce additional overhead from frequent switch exchanges
within the cluster, remapping operations are not performed unless the current
controller becomes overloaded. Each controller processes as many packets as
possible without exceeding its load capacity, as this increases its own through-
put while reducing load increases for other controllers, conforming to the Nash
equilibrium principle where each participant’s strategy is the optimal response
to other participants’strategies. Therefore, this game possesses a pure strategy
Nash equilibrium.

This paper uses Pi to represent a specific strategy of a participant, and P-i to rep-
resent the combination of strategies of all other participants except participant
i, specifically denoted as P-i = (P1, ⋯, P��1, P��1, ⋯, P�), representing a specific
strategy combination of all participants. When the game reaches stability, the
Nash equilibrium state is represented by P. For a game with n participants, un-
der the condition that other participants’strategies remain unchanged, for any
participant i, its strategy is the optimal response to other participants’strategy
combinations, which can be expressed as u�(P�, P��) ≤ u�(P�, P��). In Equation
(15), � represents the threshold value for determining overload, LC� represents
the load condition of controller C�, M� = 0 indicates non-overloaded status, while
M� = 1 indicates overloaded status, triggering GTMCR for load balancing. The
controller status flag field is shown in Equation (15).
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3.2 Migration Switch Selection Strategy PDSS
To quickly reduce load on overloaded controllers, this paper proposes a Priority
Decision Switching Strategy (PDSS). If a large number of new requests arrive
after the master-slave controller relationship change, new flow entries will be
generated, sending more Packet_{In} requests to the new destination controller
and increasing service processing burden. Therefore, switches with smaller traf-
fic changes have higher migration priority. Additionally, switches with larger
loads can complete load reduction through a single migration, preventing ex-
cessive migration costs caused by large migration quantities. Furthermore, to
reduce communication costs between switches to be migrated and overloaded
controllers, switches closer to target controllers have higher migration priority.
Consequently, priority is given to migrating switches with small traffic changes,
high load proportion, and short distance to target controllers.

Equation (16) represents the control resource Xij occupied by Si on Cj, where
the number of events of Si accessing Cj is denoted by 𝜆(Si), and Bij(si) represents
the total number of hops between Si and its master controller Cj. Therefore,
Equation (17) defines the priority Prir of migrating Si to Cr, where dir represents
the number of hops between them, and Vi represents the flow change rate of Si.
Equation (18) shows the selected migration switch Si.

3.3 Controller Decision Mechanism GAIMO Based on Im-
proved Genetic Algorithm
The Genetic Algorithm (GA) [19] is a heuristic search algorithm commonly
used to solve optimization problems. It employs probabilistic optimization
search to adaptively adjust and guide the optimization search space. This sec-
tion proposes the Genetic Algorithm for Improved Multi-objective Optimization
(GAIMO), which uses genetic algorithms for global search of network load bal-
ancing problems, then performs further local optimization in the vicinity of
the global optimum to ultimately find the optimal solution for network load
balancing.

3.3.1 GAIMO Algorithm

The GAIMO algorithm incorporates the concept of a similarity operator into
the basic genetic algorithm and adopts a dual-mode selection operator combined
with self-adjusting crossover and mutation probabilities. The algorithm process
includes: individual encoding, population initialization, individual evaluation,
selection, similarity judgment, crossover, mutation operations, and population
iteration replacement, with specific settings as follows:

All switches and controllers in the network are represented by an m×n dimen-
sional matrix. Random sequence initialization is used to generate individuals
with certain differences, ensuring uniformity while improving population diver-
sity. The individual fitness function distinguishes good from bad individuals
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in the population, where larger fitness values indicate better controller perfor-
mance. For multi-objective optimization problems, the deviation standardiza-
tion method (Min-max Normalization) is adopted to linearly transform original
data through conversion functions. The fitness function is shown in Equation
(19), where uimax and uimin are the maximum and minimum individual values.
For the multi-objective fitness function in Equation (20), weight factors w1, w2,
and w3 are employed.

The selection operator chooses individuals for creating the next generation. This
paper’s selection operator uses a 5% elite strategy to first select the best indi-
viduals for inheritance to the next generation, combined with the roulette wheel
method to ensure parent diversity. Equation (21) represents the probability of
individual xi being selected.

Crossover aims to enable offspring to inherit excellent genes from the previous
generation. Based on a fixed probability Pc’, a crossover probability related to
evolutionary generations is set to accelerate population convergence and speed
up the search for regions where excellent populations are located. Since exces-
sively large Pc values can quickly destroy gene strings with high environmental
adaptation values, the Pc value gradually decreases with increasing genetic gen-
erations. This also solves the problem of excessively small values slowing down
the search speed. Increasing crossover points reduces performance. Therefore,
to maintain diversity, this paper adopts a two-point crossover operator (Equa-
tion (22)), where Gen represents the maximum iteration count and i represents
the current iteration number.

To maintain population genetic diversity and avoid falling into local maximum
traps, position-selective mutation and adaptive mutation probability Pm are
adopted (Equation (23)). This approach’s advantage lies in increasing muta-
tion probability for inferior individuals while decreasing it for excellent individ-
uals. Therefore, the original mutation probability Pm’is reduced, performing
small-step large-probability mutations around excellent populations. This both
prevents the algorithm from falling into local minima and greatly reduces the
probability of generating useless inferior solutions again, accelerating conver-
gence speed. As the evolutionary process progresses, the probability gradually
decreases and stabilizes, avoiding impact on later-stage algorithm stability that
could cause prolonged convergence time and improving computational efficiency.
Here, f’, fmax, and favg represent the current, maximum, and average fitness
values, respectively.

Through continuous population replacement, the algorithm eventually converges
to the global optimal solution. The algorithm flowchart is shown in Figure 2
[Figure 2: see original paper].

3.3.2 Implementation of GAIMO Algorithm

Since inbreeding crossover increases unnecessary iterative calculations [20], a
similarity operator is introduced based on the traditional genetic algorithm.
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The Hamming distance GHij measures the similarity between two individuals
about to undergo crossover, referring to the number of corresponding bits that
differ between two strings i and j of the same length with base a. Therefore,
similarity assessment is first performed on crossover individuals, and crossover
opportunities are granted only when similarity is below the threshold. This
minimizes iteration counts as much as possible, ensuring solution accuracy while
accelerating convergence speed.

The proposed GAIMO algorithm optimizes the mapping relationship between
switches and controllers based on genetic algorithms. First, the input param-
eters required for algorithm execution are determined, then binary encoding
design is performed for the population, each individual is initialized, and fit-
ness function values are calculated for every individual in the initial population
(lines a~b). Next, genetic algorithm operator operations begin (lines c~s), start-
ing with selection operator operations using a combination of elite strategy and
roulette wheel selection (lines e~j). This paper proposes adding a similarity
operator for similarity condition judgment; if similarity is below the threshold,
adaptive two-point crossover operation is performed (lines k~n). Then genetic
operations with adaptive mutation probability are conducted (lines o~p). After
forming a new population (line q), the above operators continuously iterate for
population replacement, and the final optimal individual represents the rese-
lected master controller for the switch Si to be migrated (line r). The algorithm
description is as follows:

Algorithm 1: GAIMO Algorithm
Input: Network parameters, maximum iteration count Gen, population size N,
crossover probability crossover_p, and mutation probability mutate_p
Output: Load balancing degree, average delay between switches and con-
trollers, switch migration cost overhead; fitness function value of the optimal
individual, mapping matrix of switches to controllers for the optimal individual

3.4 Master Controller Reselection Model GTMCR Based
on Non-Cooperative Game Load Reduction
To verify the effectiveness and feasibility of the proposed GAIMO algorithm,
during GTMCR algorithm execution, all controllers are first traversed to mon-
itor their loads. Overloaded controllers are identified through dynamic load
thresholds, and the set of controllers requiring switch migration is determined,
thereby establishing the game domain for target controllers (lines a~h). Then,
based on switch migration priority, the switch with the highest priority under
the overloaded controller’s management is selected for migration (lines l~n).
Next, the master controller for the switch to be migrated is reselected. In the
non-cooperative game among controllers, the pure strategy Nash equilibrium
state for target controllers is sought, and the target controller for migration
is obtained through the aforementioned GAIMO algorithm. The master-slave
controller roles are then switched to achieve load reduction for overloaded con-
trollers (lines o~r). Finally, new load balancing is achieved, and the load bal-
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ancing degree of the control plane after migration is obtained (line u). Based
on the migration situation, a new SDN network topology is constructed. The
algorithm description is as follows:

Algorithm 2: GTMCR Algorithm
Input: Network status parameters, such as number of switches m and con-
trollers n, controller Cj processing rate Rj, switch Si request rate ri, delay T
and distance D between controllers and switches, and other related parameters
Output: Overloaded controllers in the network, load balancing degree of con-
troller cluster, switches requiring migration in the network

4.1 Experimental Environment Setup
The experimental environment is configured with an Intel i5 processor, 4GB
memory, 3.40GHz CPU, Windows 10 operating system, using MATLAB R2017b
as the simulation tool. Controller capacity is set to 10MB, and delay and link
distance between switches and controllers are derived from experimental topol-
ogy. Experimental simulation parameter values refer to traffic characteristic
values [21], with controllers processing approximately 10,000 Packet_{In} flow
request packets per unit time. The experiments adopt network topologies with
certain scale differences from the Internet Topology Zoo [22], with specific net-
work information shown in Table 1 .

Table 1: Node Link Information for Different Network Sizes

Topology Nodes Links
OS3E
Ntelos
Interllifiber
Interoute

4.2 Performance Evaluation
This section compares the GAIMO algorithm with existing algorithms for solv-
ing controller load balancing problems—GAPA [13], Proposed GA [14], and GA
[15]—in terms of network load balancing degree, average total delay, and migra-
tion cost. The fixed crossover probability is set to 0.4, mutation probability to
0.04, and iteration count to 200. Fitness function values are normalized, and to
emphasize important factors affecting the control and data planes, the weight
values w1, w2, and w3 are selected as 0.5, 0.3, and 0.2, respectively.

4.2.1 Controller Load Balancing Degree Comparison

At the start of the experiment, each switch sends data packets to the 5 con-
trollers deployed in the OS3E network, dividing the entire network into five
subdomains. After 10 seconds, all controllers obtain initial state values. At
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this point, controller loads are relatively balanced with a load ratio of 2:4:3:2:3
(Figure 3 [Figure 3: see original paper]). Subsequently, the interaction message
volume between switches and controllers is increased to gradually raise controller
loads. The figure shows that controllers C2 and C4 exceed the threshold line and
become overloaded successively. At the 40-second mark, the load ratio reaches
10:13:11:14:8, and the load balancing degree calculated using Equation (6) is
2.1354. Consequently, the GTMCR mechanism is triggered to perform switch
migration. Afterward, load differences among controllers converge significantly.
The switch migration results show that some switches under C2 are migrated to
C1, and some under C4 are migrated to C5, resulting in a post-migration load
ratio of 23:23:22:22:22 and a load balancing degree of 0.4899, achieving a new
balance in the control plane load.

Figure 4 [Figure 4: see original paper] compares the performance of GA, GAPA,
Proposed GA, and GAIMO algorithms in controller load balancing fitness. The
vertical axis represents the controller load balancing fitness function value, re-
flecting the load balancing condition of the controller cluster. Higher fitness
values indicate better controller load balancing performance. To verify the load
balancing effectiveness of the four algorithms on the controller cluster, the OS3E
network topology is adopted. All four algorithms show improved fitness func-
tion values, indicating that they can achieve load balancing to some extent
through switch migration under load imbalance conditions. GA and GAPA
exhibit large fluctuations during the 200-generation evolutionary process with
poor convergence due to fixed crossover and mutation probabilities. Proposed
GA’s load balancing degree fitness value improves from 0.813 to 0.915. In
contrast, GAIMO converges the fastest, with its load balancing degree fitness
value improving from 0.813 to 0.95, demonstrating that GAIMO more effectively
balances control plane loads.

4.2.2 Average Total Delay Between Switches and Controllers

To compare the optimization effectiveness of total communication delay between
switches and controllers under different algorithms, the OS3E network is used
to test the optimization effect of delay fitness functions. Figure 6 [Figure 6: see
original paper] shows that the highest fitness function values of Proposed GA,
GAPA, and GA algorithms can only converge to 0.85, all lower than GAIMO,
indicating that the mapping schemes found are not optimal. GAIMO not only
converges fastest but also finds the optimal solution, better reducing total mi-
gration delay. In terms of average delay control, GAIMO outperforms other
algorithms with more stable optimization effects, significantly reducing average
delay between switches and controllers, more effectively decreasing communica-
tion overhead, and ensuring network communication quality.

4.2.3 Switch Migration Cost

During switch migration, numerous communication message packets are gener-
ated. To achieve controller plane load balancing while minimizing migration
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cost, the OS3E network is used to test migration costs under different algo-
rithms. The test results are shown in Figure 7 [Figure 7: see original paper].
GA and Proposed GA algorithms miss the optimal solution due to premature
convergence in their selection strategies, while GAPA algorithm never converges
because its fixed crossover and mutation operators cannot adjust according to
iteration status. GAIMO converges faster and more easily finds the optimal
solution, with the final objective function value reaching 0.9. This is because
the improved operators dynamically adjust based on iteration count and fit-
ness function value changes, achieving the goal of more efficiently finding the
global optimal solution. GAIMO’s migration strategy demonstrates the best
performance, significantly reducing the cost of migrating multiple switches in
the network and proving the effectiveness of using switch migration methods to
improve network performance.

4.2.4 Multi-Objective Performance Optimization

The multi-objective optimization fitness function value reflects controller load
balancing conditions, where higher values indicate better network performance
for controller load balancing. As shown in Figure 8 [Figure 8: see original paper],
starting from generation 20, GAIMO’s optimal solution fitness value is superior
to other algorithms with the fastest convergence speed. This is because GAIMO
employs a similarity operator to avoid inbreeding in the next generation, reduc-
ing repeated and invalid crossovers and decreasing time complexity. GAIMO
stabilizes and finds optimal deployment from generation 50 onward. This is due
to the adaptive crossover probability considering iteration count and the mu-
tation probability considering fitness function value preferences, with mutation
occurrence decreasing as genetic generations and fitness function values increase.
GAIMO’s final convergence value is the highest, indicating that its elite strategy
prevents loss of optimal solutions and ensures population evolution toward op-
timality, stabilizing at 0.94. Therefore, GAIMO better balances surging traffic
loads while improving control plane robustness.

5 Conclusion
This paper constructs a multi-objective optimization model GTMCR, employing
the dynamic threshold ODT algorithm for overloaded controller identification,
the priority-based PDSS algorithm for migration switch decision-making, and
setting corresponding constraints. The improved genetic algorithm GAIMO is
used to obtain the optimal switch migration strategy. Experimental results
demonstrate that GAIMO more effectively improves convergence speed, finds
optimal deployment fastest, reasonably balances controller cluster load balanc-
ing degree, and enhances global network performance. Future work will con-
sider fault tolerance issues such as packet loss during controller-switch and
inter-switch communication in the remapping process. When controllers are
severely overloaded or fail, besides relying on switch migration, additional con-
trollers may need to be added to further study load balancing strategies under
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different conditions.
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