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Abstract

As a network technology specifically designed to meet 
the demands of real-time data transmission, Time-Sensitive 
Networking (TSN) plays a crucial role in applications 
such as vehicular networks, industrial IoT, and 5G ultra-
reliable low-latency communication. TSN can efficiently 
schedule real-time data streams. TSN traffic scheduling 
requires fast and precise algorithms; however, existing 
exact solution methods, due to their high computational 
complexity, struggle to meet the real-time requirements in 
large-scale joint scheduling scenarios. Genetic algorithms 
are suitable for addressing scheduling problems in TSN. 
The challenge lies in designing the genetic algorithm 
to find the optimal or near-optimal solution for various 
complex problems, while considering both performance 
and quality in the scheduling table. This paper proposes a 
priority-driven adaptive genetic algorithm for TSN traffic 
scheduling, which jointly considers routing and TSN 
constraints. The method employs a dual-vector encoding 
scheme, and prioritizes traffic characteristics by assigning 
priority scores to initialize the population. By combining a 
joint sequential crossover operator and a dynamic adaptive 
mutation strategy, the algorithm enhances both search 
capability and scheduling performance. Experimental 
results demonstrate that, compared to other genetic 
algorithm-based TSN traffic scheduling methods, the 
proposed method shows significant advantages in terms of 
convergence speed, task completion time for TSN traffic 
scheduling, and scheduling stability.

Keywords: Time-Sensitive Networking, Traffic schedul-
ing, Genetic algorithm, Priority-driven

1  Introduction

In fields like industrial control and automotive 
electronics, the demand for real-time performance and 
security is increasingly growing. Traditional bus-based 
proprietary network technologies are gradually unable 
to meet these requirements in terms of communication 
bandwidth and efficiency. Against this backdrop, the 
IEEE Time-Sensitive Networking (TSN) task group [1] 
was established in 2012, formally initiating research on 

constructing data transmission services based on standard 
Ethernet that support high determinism and low latency. 
TSN employs a range of technical means, such as time 
synchronization, traffic priority scheduling, bandwidth 
allocation, and traffic shaping, to provide end-to-end 
deterministic transmission guarantees for different types 
of data flows. Unlike traditional best-effort services, 
TSN offers low latency, low jitter, and high reliability 
while maintaining compatibility with standard Ethernet, 
making it a crucial component of next-generation real-
time Ethernet communication [2]. The development of 
TSN originated from the Audio-Video Bridging (AVB) 
protocol, which was initially aimed at providing real-
time transmission assurance for audio and video streams. 
Based on this, the TSN task group further expanded the 
application scenarios of AVB, widely applying TSN 
technology in automotive Ethernet, industrial Internet, and 
automation control fields.

In the field of TSN research, traffic shaping and 
scheduling are considered core technologies for achieving 
deterministic network transmission. Traffic shaping 
primarily operates at the traffic layer by regulating the data 
transmission rate to prevent burst traffic from negatively 
impacting network performance. On the other hand, traffic 
scheduling is controlled at the packet level, precisely 
planning the transmission time of packets in switches 
to achieve deterministic data transmission latency and 
minimize jitter. However, the traffic scheduling problem 
is theoretically classified as an NP-complete problem [3], 
which means it has high algorithmic complexity. This 
is especially true in industrial Internet of Things (IIoT) 
scenarios with increasingly complex network structures 
and significantly different transmission requirements for 
various traffic types. Inefficient scheduling strategies can 
lead to wasted system resources and increase transmission 
latency and jitter, thereby undermining the advantages of 
TSN in high-precision traffic control.

Currently, the scheduling methods for TT traffic are 
primarily optimized based on the Time-Aware Shaper 
(TAS) mechanism. Under the TAS framework, traffic with 
different priorities is isolated through eight independent 
queues, and the transmission time slots for each queue 
are controlled by a Gate Control List (GCL), which 
ensures time isolation of data flows during transmission. 
The cyclical operation of the GCL guarantees that TT 
traffic is transmitted in high-priority channels according 
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to preset time slots, preventing interference from other 
traffic and thus achieving lower latency and jitter. The key 
challenge of the TAS mechanism lies in how to generate 
the Gate Control List. The generation process requires 
searching for the optimal low-latency solution that satisfies 
the traffic performance requirements under constraints 
such as link constraints, isolation requirements, and 
transmission time slots. However, research shows that no 
known algorithm can derive the optimal frame scheduling 
solution in polynomial time [4]. As a result, the scheduling 
of frame transmission time slots is mostly studied in 
offline environments. This challenge has led to significant 
academic interest in TT traffic scheduling methods and has 
driven further optimization research in this area.

To ensure the latency requirements of TT traffic, the 
current research focus is on continuously optimizing 
scheduling algorithms to reduce the end-to-end latency 
of TT traffic. Integer Linear Programming (ILP), as a 
mathematical optimization method, is widely used in 
TSN’s frame transmission time slot scheduling problem 
because it can achieve optimal solutions for integer 
variables under given linear constraints. For instance, J. 
Min et al. [5] proposed an ILP-based scheduling method 
that models the traffic scheduling process as a multi-
objective optimization problem, considering both the delay 
and queue occupancy of TT traffic to obtain optimal time 
slot configurations. E. Schweissguth et al. [6] introduced 
a resource-constrained approach, particularly suitable 
for multicast traffic scenarios. This method reduces the 
resource consumption of the algorithm model, decreases 
the running time of the ILP solver, and does so without 
affecting the quality of the solution.

Satisfiability Modulo Theories (SMT) and Optimi-
zation Modulo Theories (OMT) play an important role 
in solving TSN constraint optimization problems. SMT 
is used to verify the satisfiability of the constraint con-
ditions, while OMT further optimizes the solution of the 
objective function based on this. Y. Chi et al. [7] combined 
task scheduling with TSN and formalized the problem 
as an SMT problem. Based on the solver’s results, they 
constructed a flow-level scheduling model based on IEEE 
802.1 Qbv. By properly decomposing the traffic, this meth-
od can effectively reduce constraint inequalities when traf-
fic increases, significantly improving network utilization 
compared to traditional frame-based programming models. 
Y. Nakayama et al. [8] proposed a real-time adaptive gat-
ing scheduling scheme based on the Time-Aware Shaper 
(TAS), modeling the scheduling problem as a Boolean 
satisfiability problem (SAT) and achieving fast runtime 
computation via an FPGA-based solver.

While mathematical methods can formally describe 
traffic scheduling problems, they often involve high 
computational complexity. Heuristic algorithms provide an 
alternative approach, employing a greedy strategy: starting 
with an empty Gate Control List (GCL), the algorithm 
iteratively adds traffic flows by selecting the optimal 
solution at each step, with each new flow constrained 
by previously scheduled flows. The process terminates 
when new flows become unschedulable. Z. Feng et 
al. [9] developed a fault-tolerant heuristic algorithm 

enabling online incremental rerouting and rescheduling 
of interrupted flows while preserving existing flow paths 
and schedules. Evaluations demonstrate this method 
outperforms existing approaches in system redundancy and 
flow acceptance rate.

D. Bujosa et al.  [10]  proposed the HERMES 
heuristic algorithm, outperforming traditional constraint 
programming (CP) methods in runtime and network 
schedulability, particularly with multiple TT queues, 
while supporting dual jitter modes. A. Arestova et al. [11] 
developed a hybrid genetic algorithm integrating NEH, 
achieving comparable scheduling quality with significantly 
reduced computation time. H. Liu et al. [12] introduced a 
flow-sorting genetic algorithm that enhances scheduling 
capability while maintaining high network utilization. 
Although existing studies explore TSN scheduling from 
various perspectives, challenges persist including routing-
scheduling decoupling and low computational efficiency.

In our paper, we propose a TSN traffic and routing 
joint scheduling method based on a priority-driven 
adaptive genetic algorithm, optimizing the completion 
time of time-sensitive traffic scheduling tasks. This method 
first designs a bidirectional encoding scheme tailored 
to the characteristics of joint scheduling and routing, 
representing the scheduling order of TT traffic and path 
allocation separately. The population initialization adopts 
a priority-layered strategy, dividing TT traffic into high, 
medium, and low priority flows based on deadlines, 
periods, and load characteristics, ensuring the quality 
of the initial population while increasing its diversity. 
For genetic operations, a two-stage selection strategy is 
designed, combining tournament selection and roulette 
wheel selection, balancing the quality and diversity of the 
population. The crossover operation effectively addresses 
the coupling problem between flow scheduling order 
and path allocation using a combined order crossover 
algorithm, ensuring the feasibility of offspring individuals. 
The mutation operation introduces a dynamic mutation rate 
adjustment strategy, adapting the mutation rate to achieve 
a balance between global search and local optimization, 
thereby improving the algorithm’s convergence speed and 
global search ability.

2  System Model

This section systematically models the scheduling of 
TT traffic, including network model and communication 
model.

2.1 Network Model
The architectural model is an abstract representation 

of a physical TSN, which includes end systems, switches, 
and physical links. The TSN is abstractly modeled as an 
undirected graph G = (V, E), where V represents the set of 
all nodes in the TSN, including both the sender-receiver 
terminal node set ES and the TSN switch node set BR. The 
set E denotes the directed link set, where each link dpij∈E 
represents a directed connection from a source node to a 
destination node.
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Figure 1 illustrates an example of a simple network 
topology, which contains 9 nodes and 9 links, consisting 
of 4 switches (S) and 5 terminals (H). The routing between 
two terminal nodes is represented by a set of possible 
paths. For example, ri = {[ES1, BR1], [BR1, BR2], [BR2, 
ES3]} represents a path from terminal node ES1 to terminal 
node ES3. This model serves as a foundational abstraction 
for studying the TSN flow and routing scheduling, ensur-
ing a clear structure for understanding and optimizing the 
performance of time-sensitive communications within the 
network.

ES1

BR3 BR4

BR2BR1

ES3

ES4

ES2

ES5

Figure 1. Examples of network topology

2.2 Communication Model
In Time-Sensitive Networking (TSN), the set of all 

periodic time-sensitive flows is defined as F = ∑ fi , where 
each Time-Triggered (TT) flow, containing multiple data 
frames, is defined by a tuple fTT = 〈src, dest, ϕ, S, T, J, D〉 
that encompasses the source node, destination node, trans-
mission offset time of the flow, packet size, period of the 
flow, maximum jitter constraint, and maximum end-to-end 
delay constraint (or deadline) of the flow.

TT traffic transmission employs a Time-Aware Shaper 
(TAS) based on Time Division Multiple Access (TDMA). 
The Gating Control List (GCL) schedules transmission 
timing across 8 queues by dividing communication time 
into periodic slots. Each slot’s gate state (0-closed/1-open) 
is defined by GCL, allocating deterministic transmission 
windows for high-priority traffic. Precise time offset con-
trol ensures end-to-end delays meet real-time requirements. 
The transmission example is shown in Figure 2.

Figure 2. Transmission model

In the TSN network, the transmission of traffic is inev-
itably influenced by various processes such as link trans-
mission, switch processing, queueing, and frame encap-
sulation, which result in certain end-to-end delays. These 
delays consist of propagation delay from the previous node 
to the current switch, processing delays at priority filtering 
units, queueing delays under different queues, and the final 
transmission delay. For TT traffic, once the Gating Control 
List (GCL) is determined, its specific delay can be accu-
rately calculated based on predefined scheduling tables.

The end-to-end delay di for each flow is defined as the 
sum of the delays across all hops from the source node to 
the destination node. 

di = ∑ (dPropagation, dMaxBridge) (1)

The propagation delay of a link, denoted as dPropagation, 
represents the time required for a packet to travel across 
the link. It is determined by the transmission distance of 
the packet on the link and the signal transmission speed. 
For the sake of simplicity, it is assumed that the standard 
length of the links in the network is 20 meters, resulting in 
a propagation delay of approximately 0.067 microseconds. 
This delay contributes minimally to the overall latency.

dMaxBridge represents the time required by a switch to 
process and forward a packet in the worst-case scenario. 
This includes several components, as shown in formula (2).

dMaxBridge = ∑ (dTransmission, dQueueing, dProcessing) (2)

The transmission delay dTransmission is the time required 
for data to enter the transmission medium from a node, 
calculated as shown in formula (3), where Li is the size of 
the frame and Blink is the link bandwidth. In this paper, Blink 
is uniformly set to 1 Gbps.

Transmission

link

iL
d

B
= (3)

The queuing delay dQueueing is caused by the competition 
for flow in the switch’s output queue and depends on the 
priority of the frames in the queue and the queue schedul-
ing algorithm.

The processing delay dProcessing is the time required for 
the switch to parse and process the packet internally. This 
part is usually related to the hardware performance of the 
device and can typically be ignored.

3  Scheduling and Routing Constrains

This section defines the relevant constraints for TT traf-
fic scheduling, including time scheduling constraints and 
routing constraints, to ensure the transmission and routing 
requirements of time sensitive traffic, respectively.

3.1 Scheduling Constrains
To ensure that the calculated GCL meets the determin-
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istic low-latency requirements of TSN, i.e., time-sensitive 
flows are transmitted with ultra-low latency without link 
contention within their transmission cycle, the scheduling 
algorithm must satisfy the following constraints.

The offset of TT traffic determines the specific trans-
mission time for each frame within the scheduling period. 
To ensure that the transmission of data frames conforms to 
the requirements of the scheduling period, the offset must 
satisfy several constraint conditions. Firstly, the offset can-
not precede the starting moment of the scheduling period, 
thereby guaranteeing that the transmission time of data 
flows does not exceed the scheduling scope, which could 
otherwise lead to resource scheduling conflicts. Addition-
ally, the offset must be allocated within the scheduling 
period and sufficient time must be reserved for the frame’s 
transmission, meaning that the frame’s offset should not 
exceed the remaining time in the period minus the trans-
mission duration of the frame. The specific mathematical 
expression is shown as follows. Here, fij

[va,vb].ϕ, fij
[va,vb].T, and 

fij
[va,vb].L represent the offset of the j-th frame of the TT flow 

fi on the link [va,vb], the scheduling cycle of the flow, and 
the transmission delay, respectively.
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In TSN, the periodic communication requirements of 
traffic impose strict control over transmission jitter. Jitter 
reflects the stability of delay during the transmission of 
data frames. To simplify complexity, jitter constraints are 
primarily imposed on the sending node of the last hop be-
fore the traffic reaches the receiver, thereby reducing the 
complexity across the entire network. For a data frame j 
of a TT traffic flow fi, its arrival time Wi,j can be calculated 
using the frame’s offset ϕ, link transmission delay L, and 
the periodic offset between frames. Based on this, the jitter 
constraint for the flow must ensure that the transmission 
time difference Wi,x − Wi,y between any two frames within 
the same flow does not exceed the maximum jitter limit 
jmax of the flow.

1 1 1 2[ , ] [ , ] [ , ]
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For the same terminal device, all TT traffic must be 
transmitted according to its defined transmission cycle to 
ensure the consistency of flow scheduling and transmission 
determinism. To meet this requirement, the system must 
ensure that the offset time for each frame within the same 
flow remains consistent within the cycle. Additionally, 
for different flows, the transmission time interval between 
frames should align with their periodic characteristics. This 
ensures that each data frame of the flow maintains periodic 
consistency in its transmission time within the scheduling 

cycle, meaning that the offset time for frames in the same 
flow remains fixed between adjacent cycles.
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To meet the requirements for real-time and determinis-
tic transmission, the end-to-end delay of TT traffic must be 
strictly controlled within a defined range. Specifically, the 
total time for a data frame to travel from the source node to 
the receiver node must not exceed its predefined maximum 
end-to-end delay limit. If the end-to-end delay exceeds this 
limit, it may result in a decline in real-time service quality 
or even cause a communication failure within the system.

{ }
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The transmission of TT traffic across different links 
must strictly follow the predetermined physical sequence 
to ensure consistency between the frame transmission logic 
and the time scheduling. This means that the transmission 
start time of a data frame on the subsequent link must be 
greater than or equal to the transmission end time on the 
previous link. Additionally, the switch node can only pro-
cess and forward the data to the next link after receiving 
the data from the previous link. Here, [ , ]a xv vD  represents the 
transmission delay between switches va and vx, including 
the time required for the data frame to travel through the 
link from the sender to the receiver.

{ }
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In TSN, to avoid congestion and conflicts when 
multiple flows arrive simultaneously at the same queue in a 
switch node, frame isolation control must be applied to the 
data flow transmission. Frame isolation can be achieved 
in two ways: temporal isolation and queue isolation. 
Temporal isolation ensures that only one data flow can be 
stored in the same queue at any given time by controlling 
the arrival times of different data flows. Queue isolation 
allocates separate queues for different data flows to prevent 
conflicts when sharing the same queue resources. Here,  
fi

[va,vb].queue represents the queue allocated for flow fi on 
link [va,vb], while [vx,va] and [vy,va] refer to the two non-
fixed links before link [va,vb].
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3.2 Routing Constrains
In TSN traffic scheduling, routing constraints refer to 

the conditions that must be met during the transmission 
process. These constraints typically include the following 
aspects.

The transmission path of a data frame must satisfy the 
constraints of the network topology. Specifically, in the 
transmission path of each flow fi, the next-hop target node 
vi,a of any node va must be a node vb directly connected to 
va.

,, , [ , ]i i a b i ij a br R f F v v r v v∀ ∈ ∀ ∈ ∉ ⇒ ≠ (10)

To avoid issues such as duplicate transmission and 
deadlock caused by path loops during network transmis-
sion, the routing plan in Time-Sensitive Networks must 
satisfy the acyclic constraint. Specifically, for the transmis-
sion path of each flow, the target node of any two nodes 
must be distinct to ensure that there are no loops in the 
transmission path.

, ,, [ , ] , ,i a b i i a b i a i br R v v r f F v v v v∀ ∈ ∀ ∈ ∀ ∈ ≠ ⇒ ≠ (11)

The path integrity constraint ensures that time-triggered 
flows can reach the target node from the source node in the 
network and find a complete and valid connection path. 
Suppose the target node of flow fi at node va is vi,a = vb, and 
vb is not a terminal node. In that case, there must exist a 
node vx connected to vb and an associated link [vb, vx].

, dst ,
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4  Priority-driven Adaptive Genetic 
Algorithm-based Scheduling for 
Time-sensitive Traffic

Based on the characteristics of TSN network schedul-
ing, for TT traffic scheduling, we propose a Priority Driven 
Adaptive Genetic Algorithm (PDAGA) to address the joint 
optimization problem of TT traffic routing and scheduling 
in Time-Sensitive Networks. The corresponding encoding 
method, decoding rules, population initialization, as well 
as crossover and mutation operators are designed, with the 

goal of minimizing the total makespan of all traffic flows, 
i.e., to make the latest completion time of all TT traffic 
flows as early as possible.

( )( )1 1[ , ] [ , ]min max .n n n n

j

v v v v

f F j jf f L− −
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+⋅Φ (13)

The individual in PDAGA represents a scheduling 
solution, which can also be mapped to a Gate Control 
List (GCL) within a hypercycle. Based on the scheduling 
constraints, each individual can calculate a fitness value 
to describe its quality level, which is represented by the 
makespan. To generate new individuals, PDAGA provides 
crossover and mutation methods that do not rely on exter-
nal libraries, which are used to pair and evolve the gene 
sequences within the population.

4.1 Encoding and Decoding
Genetic encoding maps scheduling solutions into 

GA-compatible structures by representing flow scheduling 
sequences and path selections meeting TSN’s deterministic 
requirements. The chromosome comprises two vectors for 
joint optimization: flow ordering and path assignment.

The flow ordering vector determines the global sched-
uling order of each flow. For example, the encoding  in 
Figure 3 shows flow 1 is scheduled first, followed by flows 
2, 3, 4, and 5. Different orderings generate distinct sched-
uling solutions, and adjusting flow sequences explores bet-
ter results.

Each gene in the path assignment vector corresponds 
to flow path selection. Each TT flow with at least one path 
has predefined path sets with unique identifiers. The vector 
combines selected identifiers from each flow’s path set, 
maintaining equal length with the flow ordering vector. 
For instance in Figure 3, flow1 selects path2 while flow3 
chooses path1.

flow ordering vector path assignment vector

Flow2 Flow4 Flow5 Flow3 Flow1 Flow1 Flow2 Flow3 Flow4 Flow5

Route Route Route Route

Figure 3. Representation of gene encoding
 
The genetic algorithm decoding transforms individual 

gene sequences into TSN scheduling solutions while ensur-
ing TSN constraints. The total TT traffic transmission time 
is calculated as the end time of the last TT frame minus the 
start time of the first. The main steps are as follows:

(1) Decode flow order and path assignment. Each chro-
mosome includes a flow ordering vector and path assign-
ment vector. During decoding, genetic encoding maps this 
data to flow sequences and routes by extracting scheduling 
orders and assigning paths.
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(2) Iterative time window allocation. Each flow is 
processed in the order specified by the flow ordering 
vector, with a feasible transmission time window allocated 
for it. The allocation incorporates routing information and 
considers constraints such as delay and resource conflicts, 
ensuring each flow is assigned an available time window 
within its constraint limits.

(3) Greedy scheduling. A greedy strategy assigns the 
earliest possible start time for each flow, selecting the first 
valid time point in the candidate window that meets offset, 
jitter, and resource constraints. Overlaps on shared links 
delay transmission, and subsequent flows start immediately 
after the previous flow ends to ensure compact and deter-
ministic scheduling.

(4) Feasibility verification. After time window alloca-
tion, the schedule undergoes validation where each flow 
and link is checked for constraint compliance. Non-com-
pliant solutions are marked invalid while valid allocations 
are retained.

(5) Scheduling output. The decoding process generates 
a complete schedule containing TT traffic flows’ start/end 
times and network paths. This output is used for fitness 
evaluation to measure solution quality.

4.2 Population Initialization
The global search efficiency and optimization 

convergence speed of a genetic algorithm largely depend 
on the method of population initialization [13]. A 
reasonable population initialization method can improve 
the quality of the initial population, enhance the diversity 
of the population, thus accelerating the convergence of 
the algorithm and leading to better solutions. Considering 
the characteristics of time-sensitive traffic, this paper 
proposes a population initialization method based on flow 
priority hierarchy. This method classifies flows according 
to priority and applies different initialization strategies 
for flows with different priorities, ensuring the scheduling 
quality of critical flows. At the same time, to maintain 
population diversity, the method combines random 
generation to initialize the population, balancing the 
quality and diversity of the initial population.

The steps for generating individuals based on the flow 
priority hierarchy are as follows.

To accurately assess the potential impact of each flow 
on completion time in determining priority indicators, 
we have selected three key parameters as the foundation 
for priority scoring: deadline Di, which reflects the 
importance and urgency of a flow and is a crucial factor 
in flow scheduling; packet size Si, a significant influence 
on scheduling decisions as larger data volumes often 
necessitate more network resources; and period Ti, where 
short-period TT traffic signifies higher transmission 
frequency demands, potentially requiring greater sustained 
use of network resources.

To comprehensively consider the impact of each flow 
on scheduling, we define a priority score for flows, taking 
into account factors such as deadline, load, and periodicity. 
To eliminate the influence of different dimensions, 
normalization is required, and in this paper, we adopt the 
min-max normalization method.

min min min

max min max min max min

. ..i i ii i
i

if f S S f T
P

D D T

D D TSS T
α β γ

− − −
= × + × + ×

− − −

(14)

Subsequently, based on the calculated priority scores, 
all flows are sorted in ascending order and categorized 
into different priority levels according to the following 
proportions: high-priority flows, comprising the top 30% 
of flows, for which scheduling quality is prioritized to 
minimize the impact on completion time; medium-priority 
flows, encompassing the middle 50% of flows, which 
balance scheduling quality and population diversity; and 
low-priority flows, representing the bottom 20% of flows, 
primarily used to enhance population diversity and avoid 
converging to local optima.

Adopt different optimization strategies for flows of 
varying priority levels.

(1) Initialization of high-priority flows:
Heuristic methods are commonly employed to 

enrich the initial population with one or more promising 
individuals. One of the most frequently mentioned 
heuristic algorithms in population initialization is the NEH 
algorithm. The NEH algorithm was developed to address a 
specific problem within the Job Shop Scheduling Problem 
(JSP): the permutation flow shop scheduling problem, 
with the objective of minimizing the makespan. The 
NEH algorithm has proven effective in numerous studies 
[14]. However, for TSN traffic scheduling, a drawback 
of NEH is that each insertion of a flow requires trying 
all possible positions, leading to a significant increase in 
computational cost when the number of flows is large. 
Therefore, combining the characteristics of TT traffic, for 
high-priority flows, we adopt a heuristic algorithm along 
with a path selection strategy based on path scores for 
initialization, to ensure that these flows, which have the 
greatest impact on completion time, are optimized.

Firstly, sort the flows according to their priority scores 
to obtain an initial flow sequence. Simultaneously, for each 
flow, generate a set of candidate paths by considering link 
load and hop count.

Place the flow with the highest priority into the 
scheduling sequence, and for the remaining flows, insert 
them sequentially into the current scheduling sequence. 
During each insertion, try all possible insertion positions 
and calculate the scheduling result for each position. For 
each insertion position, attempt all candidate paths and 
compute the makespan after insertion, while ensuring 
that the scheduling after insertion satisfies the constraints. 
Finally, from all possible insertion positions, select the 
one that results in the minimum makespan and satisfies the 
constraints. Update the scheduling sequence and candidate 
path information.

Repeat the above process until all high-priority 
flows have been inserted into the scheduling sequence, 
generating a feasible solution.

During the initialization of high-priority flows, it is 
crucial to select the optimal path for each flow. Currently, 
most traffic scheduling mechanisms typically use shortest 
path routing to determine the routing scheme. However, as 
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indicated in reference [15], using the shortest path alone 
cannot achieve optimal results. Therefore, considering 
link load balancing, a method for generating a candidate 
path set for flows that combines link load and hop count is 
proposed. The specific steps are as follows.

Obtain a set of feasible paths. For each high-priority 
flow, use the network topology and routing algorithm to 
find all feasible paths that satisfy the routing constraints.

Calculate the score for each path. In this calculation, 
L'

max stands for the maximum link load value after being 
adjusted by an introduced amplification coefficient, while 
M represents the total number of hops on the path, which 
is equivalent to the number of links traversed by the path. 
The weight coefficient is designated as Htotal. Additionally, 
M is a coefficient introduced to balance the influence of 
each component in the scoring formula and is set to the 
average number of hops in the network.
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Lmax represents the maximum link load of a path, which 
is the maximum value among all link loads on each path. 
Llink refers to the link load. n is the number of links on the 
path. Among them, B(l)

used represents the bandwidth currently 
occupied by other flows on link l, Bcurrent is the bandwidth 
required by the current high-priority flow, and B(l)

total is the 
total bandwidth capacity of link l.
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Finally, compare all feasible paths and select the top K 
paths with the lowest scores as the transmission path set 
for the flow. As the link loads change, the set of feasible 
paths will dynamically change accordingly.

(2) Initialization of Medium-Priority Flows:
For medium-priority flows, three strategies generate 

scheduling schemes to balance quality and diversity: 
deadline-based sorting (earliest first), cycle-based sorting 
(shortest first), and randomized ordering. All generated 
sequences are retained to enrich the population.

Path allocation dynamically selects conflict-free paths 
with sufficient resources based on high-priority flow 
occupation.

(3) Initialization of Low-Priority Flows:
The initialization of low-priority flows aims to increase 

population diversity and reduce algorithm resource/
computation time consumption. Under resource and delay 
constraints, their scheduling order is randomly generated 
to maximize initial solution diversity. Path selection uses 
randomization with heuristics: surplus resource paths are 
prioritized to avoid conflicts with higher-priority flows. If 
unavailable, the least occupied alternative path is selected.

After initializing different priority flows, their 
scheduling schemes are combined into a complete initial 
individual. Prioritize stable scheduling for high-priority 
flows, then integrate medium-priority flows without 
affecting them, followed by low-priority flows. Verify 
the merged scheme meets global constraints, discarding 
non-compliant individuals due to resource conflicts or 
constraint violations.

4.3 Selection
In genetic algorithms, the selection operation refers 

to picking individuals with higher fitness or better 
performance from the current population as parent 
individuals according to specific criteria or evaluation 
standards, in order to provide genetic information for 
the generation of offspring. Traditional roulette wheel 
selection and tournament selection each have their own 
advantages and disadvantages. To combine the strengths 
of both, this paper proposes a selection operator based on 
a combination of roulette wheel and tournament selection. 
This method maintains the diversity of the population 
while retaining excellent individuals, thereby improving 
the performance of the algorithm.

Combining the advantages of tournament selection and 
roulette wheel selection, a two-phase selection mechanism 
is adopted. In the first phase, also known as the pre-
selection phase, tournament selection is used to screen out 
a subset of individuals with relatively superior performance 
from the current population to form a candidate pool. 
Tournament selection provides moderate selection 
pressure in this process, enabling the rapid and effective 
elimination of individuals with poorer fitness and ensuring 
that the individuals in the candidate pool achieve higher 
adaptability within a shorter period of time. In the second 
phase, roulette wheel selection is employed to further 
select the final parent individuals from the candidate pool. 
Roulette wheel selection allocates selection probabilities 
based on the fitness of each individual, such that 
individuals with higher fitness have a greater probability of 
being selected, thereby ensuring the inheritance of superior 
genes. The specific steps are as follows:

(1) Fitness Calculation: For each individual i in the 
population, calculate its fitness value Fi.

(2) Tournament Pre-selection: Set the tournament size 
T and the pre-selection pool size Npre. The pre-selection 
process involves repeating the following steps Npre times: 
Randomly select T individuals from the population to form 
a tournament set, select the individual with the highest 
fitness, and add it to the pre-selection pool.

(3) Calculation of the total fitness in the pre-selection 
pool, probability of individual selection, and cumulative 
probability calculation:

1 1
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tot jal

N i
i

i i i j
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F F p q p

F= =

= = =∑ ∑， (17)

Given the number of parent individuals Nparents that 
need to be selected, repeat the following operations Nparents 
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times: Generate a random number r∈[0,1], find the first 
individual that satisfies condition qi ≥ r, and select it into 
the parent set.

(4) Elite Preservation Strategy. Set the number of 
elites to be preserved, denoted as E, at 5% to 10% of the 
population size. Sort the individuals based on their fitness 
and directly copy the top E optimal individuals to the next 
generation. Perform crossover and mutation on the parent 
individuals selected in the previous step. Ultimately, the 
composition of the new population consists of the directly 
preserved E elite individuals and the new N−E ordinary 
offspring individuals generated through crossover and 
mutation from the parent set.

4.4 Crossover Operators
In genetic algorithms, crossover combines parental 

genes to create offspring. This paper proposes a Combined 
Order Crossover (COX) operator for bidirectional vector 
encodings. COX simultaneously processes flow sequencing 
and path allocation vectors: applying Order Crossover to 
generate new sequences while preserving parental gene 
order, and inheriting corresponding parental paths based on 
the new sequence to maintain flow-path correspondence.

For the path allocation vector, in offspring 1: for flows 
inherited from parent 1 in the scheduling sequence, their 
path selections are inherited from parent 1; for other non-
inherited flows, the path with the lowest score from the 
feasible path set is selected. In offspring 2: for flows 
inherited from parent 2 in the scheduling sequence, their 
path selections are inherited from parent 2; for other non-
inherited flows, the path with the lowest score from the 
feasible path set is selected. As shown in Figure 4, flows 
3, 1, and 5 in offspring O1 are inherited from parent 
P1, so their path selections are inherited from P1’s path 
selections—flow 1 selects path 2, flow 3 selects path 1, and 
flow 5 selects path 2. For other flows, such as flow 2, the 
path with the lowest score from the feasible path set, which 
is path 1, is selected.

P1

12 1 1 2 1 2 3 1 24 3 1 5 6 7 8 9

23 1 1 1 2 1 2 1 73 5 1 6 9 8 4 2

P2

12 1 1 2 1 2 1 3 67 3 1 5 9 8 4 2

O1

13 1 1 1 2 2 1 1 24 5 1 6 3 7 8 9

O2

flow ordering vectorpath assignment vector

Figure 4. Example of COX

4.5 Mutation
In genetic algorithms, mutation enhances population 

diversity through random gene modifications, preventing 
local optima entrapment. Given our dual-vector encoding 
scheme, we design specialized mutation operators. For 

the permutation-based flow sequencing vector requiring 
element uniqueness,  we apply swap mutation by 
exchanging two randomly selected genes. For the path 
allocation vector where elements represent flow-specific 
path numbers with varying feasible sets, we employ 
random reset mutation: randomly selecting a position 
and replacing it with another valid path from that flow’s 
available set.

While basic mutation operators are crucial for 
maintaining population diversity and exploring new 
solution spaces, genetic algorithms still face evolutionary 
stagnation and local optima issues. This paper proposes 
a flow priority-stratified adaptive mutation strategy that 
dynamically adjusts mutation rates, enhancing algorithmic 
adaptability and robustness while ensuring high-priority 
flow scheduling quality.

This strategy dynamically adjusts the global mutation 
rate based on population diversity and fitness growth. 
Increased mutation rates enhance exploration when 
diversity is low or fitness stagnates. Moderate rates 
maintain exploration-exploitation balance at intermediate 
states. Reduced rates improve exploitation when diversity 
is high or fitness improves rapidly. This mechanism 
enhances global search efficiency and convergence 
performance.

Building on global mutation rate adjustments, this 
strategy sets differentiated local rates: lower for high-
priority flows to stabilize scheduling, moderate for 
medium-priority to balance efficiency, and higher for low-
priority to enhance diversity.

To implement the aforementioned design ideas, this 
paper proposes the following mutation rate adjustment 
strategy:

(1) Dynamic Adjustment of Global Mutation Rate. 
Based on the population diversity index (a) and fitness 
growth rate (b), the following adaptive mutation rate 
adjustment strategy is designed:

max

min
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The parameters are defined as follows: Pm
init represents 

the initial mutation rate, Pm
max is the maximum mutation 

rate, and Pm
min is the minimum mutation rate. Additionally, 

σlow and σhigh denote the lower and upper thresholds for 
population diversity, respectively, while ∆f¯low and ∆f¯high 
represent the lower and upper thresholds for fitness growth 
rate, respectively.

When population diversity is low or the fitness 
growth rate is slow, increase the mutation rate to Pm

max 
to enhance the population’s exploration capability. 
When population diversity and fitness growth rate are at 
moderate levels, maintain the initial mutation rate Pm

init to 
balance exploration and exploitation. When population 
diversity is high or the fitness growth rate is high, decrease 
the mutation rate to Pm

min to improve the algorithm’s 
exploitation capability.
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(2) Local Mutation Rate Setting Based on Priority 
Stratification. After determining the global mutation rate 
Pm

global, streams are classified into three levels based on 
their priority: high, medium, and low. Corresponding 
local mutation rates Pm

high, Pm
medium, and Pm

low are then set for 
streams of different priority levels.

high global

medium global

low

m

global

m m

m m

m

P P

P P

P P

α

β

γ

= ×

= ×

= ×

(19)

Based on the aforementioned strategy, the specific 
implementation steps of the adaptive mutation rate strategy 
based on priority stratification proposed in this paper are as 
follows:

(1) Calculate the population diversi ty index. 
Calculate the standard deviation of the fitness values 
of all individuals in the current population to assess 
population diversity. Here, N  represents the population 
size,  fi  represents the fitness value of the  i-th individual, 
and f¯ represents the average fitness value of the population.

2
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1
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(2) Calculate the fitness growth rate ∆f¯. Calculate 
the fitness growth rate by comparing the average 
fitness f¯current of the current generation’s population with the 
average fitness f¯previous of the previous generation.

∆f¯ =  f¯current − f¯previous  (21)

(3) Adjust the global mutation rate Pm
global. Apply the 

aforementioned global mutation rate adjustment strategy 
based on the values of σ and ∆f¯  to determine the global 
mutation rate Pm

global for the current generation.
(4) Set local mutation rates based on priority. Using 

the global mutation rate Pm
global and combining the priority 

stratification of streams, calculate the local mutation 
rates Pm

high, Pm
medium, and Pm

low for streams of different priority 
levels.

(5) Apply mutation operations. For an individual’s 
stream sorting vector and path allocation vector, decide 
whether to apply mutation based on their priority 
stratification and corresponding mutation rates.

(6) Feasibility check. After the mutation operation, 
perform a feasibility check on the mutated individual 
to ensure it meets the TSN scheduling constraints. If it 
does not meet the constraint requirements, discard the 
individual’s gene.

The aforementioned mutation strategy primarily 
enhances the flexibility and performance of the algorithm 
through dynamic adaptability. Specifically, by monitoring 
the population diversity index and fitness growth rate, 
the mutation rate can be adaptively adjusted according 

to the evolutionary state. This mechanism improves the 
algorithm’s performance at different stages and avoids 
the limitations that may arise from a fixed mutation rate. 
Additionally, the priority protection strategy is fully 
utilized.

5  Experiment Validation

This section conducts simulation verification of the 
performance of the proposed PDAGA algorithm in various 
network topology environments and a typical environment, 
and compares it with other algorithms to evaluate the 
advantages and disadvantages of the algorithm proposed in 
this paper.

5.1 Experiment Detailed Parameter Setting
This paper employs the OMNeT++ and NeSTiNg 

frameworks to set up a simulation environment, running on 
a Windows computer equipped with an Intel(R) Core(TM) 
i9-14900 2.40 GHz CPU and 32GB of RAM, to validate 
the TSN traffic scheduling method based on a genetic 
algorithm.

Current research lacks a standardized dataset for 
time-sensitive network traffic scheduling. Therefore, 
this section generates periodic time-sensitive traffic data 
randomly based on simulation scenarios. Source and 
destination nodes are selected from distinct terminal nodes 
to ensure traffic randomness and experimental generality. 
Packet payload size ranges from 100B to 2000B, with 
transmission periods of 50-500µs. To ensure scheduling 
feasibility, each traffic’s deadline is set shorter than its 
transmission period.

To verify the performance of the proposed PDAGA-
based time-sensitive traffic scheduling method in terms of 
runtime and makespan, this section selects the traditional 
genetic algorithm (TGA) from literature [16], the hybrid 
genetic algorithm (HGA) combined with the constrained 
NEH method from literature [11], and the flow sorting 
genetic algorithm (FSGA) from literature [12] as 
comparison algorithms. Through comparative analysis 
with these algorithms, a comprehensive evaluation of 
the advantages and applicability of PDAGA-based time-
sensitive traffic scheduling across different scheduling 
performance indicators can be conducted.

Due to the stochastic nature of genetic algorithms, 
there may be some fluctuations in the simulation 
experimental results. To ensure the accuracy and reliability 
of the data, each set of experiments was repeated 10 times, 
and the average values were taken as the final experimental 
data to reduce the impact of randomness from a single 
experiment. The specific parameters of the genetic 
algorithm were set as follows: the population size was 100, 
the maximum number of iterations was 200, the crossover 
probability was 0.7, and the mutation probability had an 
initial mutation rate Pm

init  of 0.1, a maximum mutation 
rate Pm

max of 0.3, and a minimum mutation rate Pm
init of 0.01. 

The mutation rate in TGA and HGA was fixed at 0.1. The 
priority parameters α, β, and γ were set to 0.6, 0.3, and 0.1, 
respectively.
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5.2 Experimental Results under Various Network 
Topologies
In  previous  re la ted s tudies ,  TSN schedul ing 

experiments were mostly based on typical topologies 
found in industrial control networks, such as linear, ring, 
and star topologies [17-18]. To comprehensively evaluate 
the performance of the proposed method under different 
network topologies, this paper first draws inspiration 
from the topology generation approach in literature [19] 
by randomly generating Barabási-Albert (BA) networks 
[20] and Erdős–Rényi (ER) networks [21] with different 
characteristics to construct simulation scenarios. The 
specific basic parameters of the network topologies are 
shown in Table 1.

Table 1. Topological parameters

Topology scene Number of 
exchanged 
nodes

Number of 
terminal 
nodes

Number of 
link nodes

ER1
ER2
ER3
BA1
BA2
BA3

5
12
20
6

12
20

5
8

10
4
8

10

13
25
55
16
36
62

To comprehensively evaluate the performance of 
the algorithms under different traffic loads and network 
sizes, this experiment conducted scheduling tests for three 
load conditions: 10 flows, 20 flows, and 40 flows. The 
makespan data for each algorithm in different scenarios 
were obtained (as shown in Figure 5, Figure 6, and  Figure 
7).

Figure 5 displays the makespan results for the scenario 
with 10 flows. It can be observed that across all network 
topologies, the method using PDAGA for scheduling time-
sensitive traffic consistently exhibits the lowest makespan, 
significantly outperforming the scheduling methods using 
TGA, HGA, and FSGA. For example, in the ER3 scenario, 
the makespan under PDAGA is 73µs, while it is 99µs, 
92µs, and 90µs for TGA, HGA, and FSGA, respectively. 
As the network size increases, the makespan of TGA, 
HGA, and FSGA grows significantly, whereas the growth 
rate of PDAGA is more gradual, demonstrating better 
scalability.

Figure 6 presents the experimental results for the 
scenario with 20 flows, where scheduling using PDAGA 
continues to maintain the lowest makespan across all 
scenarios. For instance, in the BA3 scenario, the makespan 
of PDAGA is approximately 79µs, significantly lower than 
that of TGA (151µs), HGA (111µs), and FSGA (117µs). 
Comparing Figure 6 with Figure 5, it can be observed that 
as the traffic increases, the performance degradation of 
the traditional algorithm TGA is more pronounced, while 
the performance of PDAGA remains relatively stable. 
In particular, PDAGA demonstrates a more significant 
advantage in larger-scale networks such as ER3 and BA3.

Figure 7 displays the experimental results for the 
scenario with 40 flows. Under high traffic conditions, 

the performance advantage of scheduling using PDAGA 
becomes even more prominent. In the ER3 and BA3 
scenarios, the makespan of TGA, HGA, and FSGA all 
exceed 160µs, while PDAGA manages to stay around 
120µs, reducing the scheduling time by approximately 
30%. Especially in the complex topology BA3, PDAGA 
continues to perform exceptionally well under high loads, 
indicating that its algorithm design is better suited for 
complex network structures and high traffic conditions.

Figure 5. Comparison of makespans under 10 flows

Figure 6. Comparison of makespans under 20 flows

Figure 7. Comparison of makespans under 40 flows

Overall, traffic scheduling using PDAGA demonstrates 
the lowest makespan across all scenarios, particularly 
in complex networks and high traffic scenarios, where 
it outperforms the other three algorithms. This suggests 
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that PDAGA has advantages in search efficiency and 
scheduling optimization capabilities. In contrast, when the 
topology size increases or the traffic load rises, the growth 
rate of the makespan is more gradual for scheduling 
using PDAGA. This is attributed to PDAGA’s dynamic 
mutation rate adjustment mechanism and priority hierarchy 
strategy, which effectively avoid premature convergence 
and local optimum issues, enhancing its global search 
capability. By employing a priority hierarchy mechanism 
and a dynamic mutation rate strategy, PDAGA improves 
scheduling efficiency and algorithm robustness, validating 
its superiority in the context of TT traffic scheduling 
problems.

In the BA3 scenario with 40 flows, to verify the 
superiority of the PDAGA algorithm, the convergence 
trends of the makespan during the iteration process for the 
four algorithms—TGA, HGA, FGA, and PDAGA—were 
recorded, as shown in Figure 8. This experiment aims to 
demonstrate the global search capabilities and convergence 
speeds of the four algorithms in a high-load complex 
network environment.

Figure 8. Comparison of convergence results of different 
algorithms

From the results, it can be observed that during 
the initial iteration stage (0 to 20 generations), all four 
algorithms exhibited a rapid decline, with PDAGA 
showing a more significant decrease. The makespan of 
PDAGA rapidly decreased from approximately 280µs to 
around 230µs within the first 20 iterations, demonstrating 
strong global search capabilities. After 60 generations, 
the convergence speed of TGA significantly slowed 
down, with the makespan tending towards stagnation and 
stabilizing around 270µs. HGA and FSGA continued to 
decline slowly at this stage, eventually stabilizing at 190µs 
and 170µs, respectively, by the 100th generation. PDAGA 
maintained a stable evolutionary trend during this stage, 
with the makespan dropping to around 160µs. Its dynamic 
mutation rate adjustment and priority hierarchy mechanism 
effectively avoided premature convergence issues. In the 
later stage from 100 to 200 generations, the makespan of 
HGA and FSGA basically remained unchanged, while 
PDAGA continued to optimize after the 100th generation, 
ultimately reducing the makespan to 140µs by the 200th 
generation, which is lower than the other three algorithms. 
This indicates that PDAGA has a better balance between 
local optimization and global exploration capabilities.

5.3 Experimental Results in Typical Environments
To more accurately verify the effectiveness of the 

proposed method, this section selects the network 
environment of CEV [22], which is an important 
application scenario of TSNs, featuring a complex structure 
and high representativeness. The specific topology is 
shown in Figure 9. In the experiments, the number of TT 
(Time-Triggered) flows was gradually increased (from 
10, 20, 30, 40, to 50 flows) to evaluate the performance of 
the algorithms under different flow loads. Meanwhile, to 
ensure the robustness of the experiments and the statistical 
reliability of the results, each algorithm was run 10 times 
separately, and the optimal value distribution of the 
makespan during the convergence process was recorded. 
This analysis was conducted to assess the stability and 
convergence efficiency of the algorithms.

Figure 9. CEV network topology diagram

Figure 10 presents the makespan results for the four 
algorithms under different numbers of flows. Among them, 
PDAGA demonstrates the best performance, with its traffic 
scheduling achieving a lower makespan than TGA, HGA, 
and FSGA across all flow scales. Even when the number 
of flows is high, PDAGA retains a significant advantage. 
HGA and FSGA outperform TGA in terms of makespan 
optimization, while TGA exhibits the highest makespan 
across all flow scales, particularly performing poorly as 
the flow volume increases. This indicates that traditional 
genetic algorithms struggle to cope with complex 
scheduling scenarios.

Figure 10. Comparison of makespans under different 
quantities of streams
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Figure 11 displays the distribution of the optimal 
makespan values for the four algorithms when each was 
run 10 times under a traffic volume of 50 flows. Among 
them, PDAGA demonstrates strong convergence stability: 
the distribution of PDAGA’s makespan is concentrated 
across the 10 runs, with a small range of fluctuation, and 
the optimal solution stabilizes between approximately 
180μs and 200μs. This indicates that the algorithm is 
highly robust and easily converges to the global optimal 
solution. The makespan distribution of HGA and 
FSGA is relatively dispersed, with a fluctuation range 
of approximately 220μs to 260μs. Some experimental 
results are close to those of PDAGA, but their overall 
performance is inferior. In contrast, TGA’s makespan 
exhibits a wide range of fluctuations, suggesting that it 
is greatly influenced by random factors and struggles to 
consistently find the optimal solution.

Figure 11. Comparison of optimal makespan distributions 
under 50 flows across algorithms

The experimental results demonstrate that PDAGA can 
effectively reduce the scheduling makespan in complex 
network environments, with particularly significant 
optimization capabilities under high-load conditions with 
increased traffic. The makespan distribution of PDAGA 
is more concentrated, exhibiting higher stability and 
consistent excellent results across multiple runs. This 
avoids the local optimum issue that may arise in traditional 
algorithms. Overall, time-sensitive traffic scheduling based 
on PDAGA, through the combination of priority strategies, 
adaptive mutation, and elite preservation strategies, 
effectively enhances global search capabilities and 
optimizes the limitations of traditional genetic algorithms 
in time-sensitive traffic scheduling.

6  Conclusion

In response to the real-time requirements and 
scheduling complexity of TT traffic in Time-Sensitive 
Networking (TSN), this paper proposes a joint scheduling 
method for TSN traffic and routing based on a priority-
driven adaptive genetic algorithm. This method optimizes 
the completion time of time-sensitive traffic scheduling 
tasks. Firstly, tailored to the characteristics of joint 
scheduling and routing, a two-vector encoding approach 
is designed, separately representing the scheduling 

sequence and path allocation of TT traffic. Population 
initialization adopts a priority-based hierarchical strategy, 
categorizing TT traffic into high, medium, and low 
priority flows according to their deadlines, periods, 
and load characteristics. This ensures the quality of the 
initial population while increasing its diversity. In terms 
of genetic operations, a two-stage selection strategy is 
designed, combining tournament selection and roulette 
wheel selection, to balance the quality and diversity 
of the population. The crossover operation effectively 
addresses the coupling issue between flow scheduling 
sequence and path allocation through a joint sequential 
crossover algorithm, ensuring the feasibility of offspring 
individuals. The mutation operation introduces a dynamic 
mutation rate adjustment strategy, adaptively adjusting the 
mutation rate to strike a balance between global search 
and local optimization, thereby enhancing the algorithm’s 
convergence speed and global search capability.

Subsequently, extensive experiments were conducted 
to evaluate our method. Through experiments in various 
network topologies and with different traffic scales, the 
results demonstrate that the proposed method exhibits 
significant advantages in terms of completion time 
optimization, convergence speed, and stability. This proves 
its applicability in complex TSN scheduling scenarios.
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