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Abstract 

INTRODUCTION: The development of modern power systems imposes stringent requirements on communication 
networks, including highly dynamic loads, low latency, and high reliability. Although recent Software-Defined 
Networking routing, link-utilization-aware scheduling, and reinforcement learning-based methods improve path 
optimization, challenges remain in bottleneck-link perception, congestion feedback, and stable decision-making under 
dynamic traffic conditions. 
OBJECTIVES: To counteract problems like delayed response times and inadequate congestion identification in 
conventional path selection algorithms owing to dynamic link modifications, this research paper presents a path selection 
model that combines bottleneck link usage and reinforcement learning. 
METHODS: Under the Software-Defined Networking control architecture, the proposed model incorporates link 
utilization, Graph Convolutional Network structures, and Gated Recurrent Units, while introducing a deep reinforcement 
learning algorithm to optimize routing strategies. 
RESULTS: Experimental results demonstrate that under a 60 Mbit/s load, the proposed method achieves a throughput of 
57 Mbit/s, maintains the minimum transmission delay within 0.043 s, and yields a link utilization rate of 89%. In 
experiments carried out to evaluate dynamic decision-making, the approach for choosing paths adopted by the model 
averages convergence at the 15th round, resulting in an error rate of 4.2%, minimal load balancing at 0.23, and median 
latency time in real-time decisions of only 31 ms, which is better than other models. 
CONCLUSION: These results demonstrate that the model achieves superior state awareness and adaptive routing 
performance in multi-source heterogeneous networks. The model also exhibits good performance in terms of congestion 
control and path optimization and hence can be used effectively for intelligent routing in next-generation power 
communication networks. 
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1. Introduction

Due to fast development of modern power systems and
changes in energy structure, there emerge many difficulties 
associated with power communication network including 
highly variable loads, low delay transmission, and high 
requirements to reliability [1]. Traditional routing path 

selection relies on static topologies and fixed policies, which 
fail to perceive real-time link loads, thereby leading to 
network congestion and degraded scheduling efficiency [2]. 
In some studies, Software Defined Networking (SDN) was 
implemented in the power communication system because 
of its advantages including centralization and overall 
network visibility for network scheduling purposes. 
However, current SDN routing schemes rely largely on static 
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information and do not have any real-time network 
knowledge [3-4]. Reinforcement Learning (RL) has unique 
advantages in adaptive strategy optimization through 
interaction with the environment, enabling dynamic path 
adjustment based on changes in network states [5]. 
Incorporating information such as Link Utilization (LU) into 
reinforcement learning models helps achieve accurate load 
balancing and resource optimization, thereby avoiding link 
overload [6]. To achieve this, this study leverages 
cutting-edge technologies, including SDN-based centralized 
control, GCN-based topology representation, GRU-based 
temporal traffic modeling, and DQN-based adaptive 
decision-making, to jointly support intelligent path 
optimization under dynamic network conditions. Therefore, 
to address the complex and variable scenarios in power 
communication networks, this study proposes an SDN 
dynamic path selection model that integrates LU information 
with a Graph Convolutional Network (GCN), a Gated 
Recurrent Unit (GRU), and Deep Q-network (DQN) 
reinforcement learning. The proposed model gathers the 
topology information and LU information via the SDN 
controller, which serves as the state input for the strategy 
optimization based on reinforcement learning. Its goal is to 
enhance the real-time performance, load balancing, and 
robustness in path selection, ensuring the operational 
security of the power communication system. Its key novelty 
includes incorporating the scheduling strategy that integrates 
bottleneck LU and Explicit Congestion Notification (ECN), 
allowing for the coordination of congestion recognition and 
traffic balancing. Moreover, an intelligent routing 
framework integrating GCN-GRU and DQN is developed, 
which helps advance the learning and adaptability towards 
network dynamics, facilitating the intelligent development 
of power communication network. The main contributions 
of this study are summarized as follows: (1) a BLU-dual 
ECN collaborative scheduling mechanism is proposed to 
enhance congestion awareness and adaptive traffic 
balancing; (2) a graph-based spatiotemporal feature 
extraction framework combining GCN and GRU is 
developed to model topology-dependent traffic evolution; 
and (3) a DQN-driven intelligent routing strategy is designed 
to achieve adaptive path optimization through continuous 
interaction with dynamic network environments. Unlike 
existing GAT-DQN, GRU-PG, and GCN-based routing 
methods that mainly focus on the individual aspect of 
topology learning, temporal prediction, or policy 
optimization, respectively, LUGDQ-SDN integrates 
bottleneck link congestion notification, spatiotemporal state 
modeling, and RL-based routing in one closed-loop 
decision-making process. What makes the proposed 
algorithm novel is the fact that BLU-dual ECN, GCN-GRU, 
and DQN are used as the congestion aware state notifier, 
topology-temporal state encoder, and adaptive policy 
optimizer. In practical power communication systems, 
LUGDQ-SDN can support delay-sensitive services such as 
wide-area protection, dispatching automation, and 
distributed energy coordination. Compared with 
conventional SDN routing, it provides a unified 
congestion-aware and adaptive decision framework, 

improving routing reliability under dynamic traffic and 
large-scale network conditions while remaining compatible 
with existing SDN controllers. 

2. Related works

RL keeps optimizing its action selection strategy by
means of a reward feedback process, which is particularly 
ideal for networks with unpredictable states and various 
objectives. Extensive research has been conducted globally 
on this topic. For example, He et al. proposed the idea of a 
deep reinforcement learning algorithm with the 
incorporation of the GCN model to solve the challenges 
faced in terms of information exploitation and load 
balancing in the case of conventional algorithms. This 
method dynamically extracted transferable structural 
knowledge to achieve fine-grained routing decisions [7]. Li 
et al. proposed a path optimization model based on 
reinforcement learning to improve the traditional emergency 
evacuation routing system, which often failed to respond 
promptly to changes such as road closures caused by floods 
or other disasters. In this model, the agent learned the 
optimal path strategy through continuous interaction and the 
reward mechanism [8]. As an important indicator reflecting 
the network load status, LU has also been widely studied. He 
et al. proposed a reconfigurable architecture combining link 
rate adaptation and network function virtualization, along 
with a method for constructing service function chains. This 
framework was designed to resolve the coordination 
challenges of virtual network function deployment and 
wireless resource allocation in integrated space-terrestrial 
networks, which are caused by resource heterogeneity and 
service diversity [9]. Yang et al. proposed a methodological 
framework for analyzing and assessing the effectiveness of 
transport protocols based on the effect of link interruption on 
the efficiency of transmission. The authors also introduced 
an interval threshold based on modeling which is used to 
determine if multiple link interruptions can be modeled as 
one [10]. 

Path selection algorithms for SDN are fairly well 
developed both theoretically and practically, and many 
researchers from different countries have studied this topic 
in their research papers. For example, Taha offered an 
effective intelligent algorithm for selecting routes to avoid 
routing congestion and packet delay in SDN networks. 
Experiments proved that the algorithm could cut down 
routing delay by up to 96.3% [11]. In addition, Ritzkal et al. 
designed a system for evaluating and recommending paths in 
SDN based on k-nearest neighbors algorithm to increase the 
level of intelligence in path selection. It helped to analyze 
potential routes using performance criteria like throughput 
and packet loss rate [12]. Zhen et al. provided a dynamic 
load-balancing technique in SDN for large-scale data centers 
to cope with problems associated with unbalanced load and 
congestion control. The algorithm utilized an advanced 
version of the ant colony optimization algorithm with the use 
of chaotic disturbance in evaluating the routes depending on 
link and server utilization in order to find the optimum path 
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[13]. Wu et al. proposed an intelligent routing technique for 
video conferencing in SDN networks in order to handle 
problems concerning delays and bandwidth guarantee. The 
algorithm minimized request conflicts by using weighted 
key links and included a delay component that dynamically 
changed the priority of requests [14]. 

In summary, although existing studies have made 
progress in reinforcement learning, link modeling, and SDN 
path selection, most existing methods still have several  

limitations. First, some reinforcement learning-based routing 
methods mainly depend on reward feedback and lack 
explicit perception of bottleneck-link congestion. Second, 
existing link-aware studies often focus on isolated indicators 
such as bandwidth, delay, or utilization, failing to capture the 
joint effects of network topology and temporal traffic 
evolution. Third, many SDN path selection methods rely on 
static rules, heuristic optimization, or local path evaluation, 
making it difficult to maintain stable routing decisions under 
rapid traffic fluctuations. Therefore, this study proposes an 
SDN path selection method that integrates LU information, 
GCN, GRU, and DQN, aiming to construct a coordinated 
control mechanism that balances congestion awareness and 
resource optimization. This method is designed to improve 
the intelligence of scheduling and the robustness of the 
network in complex scenarios, providing both theoretical 
and technical support for the intelligent evolution of 
new-type power communication networks. 

3. Dynamic path selection method
integrating reinforcement learning and
link utilization

3.1. SDN path selection algorithm based on 
bottleneck link utilization 

With increasing network complexity and traffic 
dynamism, traditional SDN path selection algorithms often 
fail to adjust routing in time under traffic bursts or drastic  

link changes, resulting in frequent congestion and 
rising transmission delay [15–16]. To address the issues of 
static evaluation delay and poor congestion reaction, an 
adaptive path selection scheme known as BLUECN, which 
combines Bottleneck Link Utilization (BLU) and dual ECN, 

is introduced in this research work. While transmitting data 
packets, the proposed algorithm analyzes link states 
dynamically, recognizes the bottleneck links, and carries out 
ECN marking for identifying possible congestion situations. 

The marked packets are forwarded using minimum queuing. 
The minimum queue mechanism is mathematically 
formulated as shown in Equation (1). 
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In Equation (1), k  and n  represent the ECN
threshold and the number of synchronized flows, while c  
and rtt  refer to the link capacity and round-trip delay. 
Then, BLU λ  is introduced to calculate the ECN 
threshold. The calculation of λ  is shown in Equation (2). 
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In Equation (2), ( )iW t  indicates the traffic of the i -th 

data flow at time t , and ( )Q t  is the queue length in the

network. C  and bRTT  represent the bottleneck link 
capacity and the basic round-trip delay, respectively. With 
the ECN marking mechanism and minimum queue strategy, 
the BLUECN algorithm effectively relieves congestion and 
improves transmission efficiency. However, in large-scale 
networks and multi-source heterogeneous traffic scheduling 
scenarios, the traditional architecture still lacks flexibility 
and scalability in path control [17]. To address this, an SDN 
path selection algorithm named BLUE-SDN is proposed, 
which integrates the BLUECN and leverages the 
centralized control and global view of SDN to optimize 
path decisions. The overall framework is shown in Figure 1. 
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Figure 1. Schematic diagram of BLUE-SDN's optimization process 

As shown in Figure 1, the application layer delivers 
Quality of Service (QoS) policies and service requirements 
to the control plane. The control plane evaluates network 
states, generates flow-table rules, and installs them on the 
data plane. The data plane comprises proxy-group leader 
nodes and regular nodes, where leader nodes collect state 
information and provide feedback to support real-time traffic 
adjustment and path optimization. ECN marking from proxy 
nodes indicates congestion levels and guides path scheduling 
decisions. Meanwhile, the management plane continuously 
monitors network operations and provides decision support 
to enhance overall system adaptability. Link transmission 
capability is also affected by available bandwidth, which is 
calculated in Equation (3). 
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In Equation (3), ,u vϑ  and ,u vB  represent the available 
bandwidth rate and bandwidth of the link from u  to v , 
while ,u vC  and ,u vLoad  denote the maximum 
bandwidth and load. To achieve load balancing, traffic 
should be distributed evenly, as described in Equation (4). 
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In Equation (4), ,u vµ  is the load parameter, ,u vρ  is 

the interference factor, and uD  and vD  refer to the 
congestion certainty of links u  and v . 

3.2. SDN dynamic decision model integrating 
link utilization and reinforcement learning 

Although the BLUE-SDN algorithm can optimize 
network traffic and overcome limitations of traditional static 
path selection methods, its flexibility and adaptability to 
traffic fluctuations remain insufficient under highly dynamic 
and variable network conditions. Therefore, this study 
introduces GCN and GRU to construct a traffic prediction 
model named GCN-GRU. The GCN component captures the 
complex relationships between network topologies and link 
states, while the GRU component processes temporal data, 
thereby improving prediction accuracy. The overall process 
is shown in Figure 2. 
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Figure 2. GCN-GRU framework diagram 

As shown in Figure 2, the model first uses GCN to 
process link information in the network topology, learning 
and aggregating the relationship between network nodes and 
link state features to extract global network state 
information. Then, GRU uses these time-series features to 
predict future changes in network states, providing dynamic 
decision support for path selection. The node representation 
update within the GCN is governed by Equation (5). 

( ) ( ) ( ) ( ) ( )
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In Equation (5), A  and D  are the adjacency and 
degree matrices, A∗  represents normalization, ( )lθ  is the

learning weight of the l -th layer, [ ]g ⋅  is the activation

function, and ( )l
ph  is the feature of node p  in layer l .

The calculations of different gates in GRU are shown in 
Equation (6) [18]. 
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In Equation (6), tz  and tr  denote the update gate and 

reset gate vectors at time t , ( )σ ⋅  is the sigmoid

activation function, tx  represents the input feature vector 

at time t , zW  and rW are the input weight matrices for
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the update gate and reset gate, while zU and rU  are the 
recurrent weight matrices corresponding to the previous 
hidden state 1th − , zb  and rb  represent the bias terms of 
the update gate and reset gate, respectively. However, a 
standalone GCN-GRU structure still has limitations in 
highly dynamic and complex networks, especially in terms 
of load variation and real-time routing. Its adaptability and 
optimization ability need improvement [19]. Therefore, this 
study further introduces DQN to build an intelligent routing 
model named GURU-DQN, which combines GCN-GRU 
and DQN. This model uses deep reinforcement learning to 
enable the agent to learn and optimize decisions in the 
network environment, further enhancing the intelligence 
and adaptability of path selection. The target network is 
updated and calculates the target Q-values to adjust the 
Q-values of the online network. After each training round,
the model uses sampled experience to update itself and
optimizes the Q-values to improve the path selection
strategy. After multiple training iterations, the agent learns
the optimal path strategy, improving both performance and
adaptability. The calculation of the target Q-value is shown
in Equation (7) [20].

( ) ( )1 1, max ,t t t t tA
Q S A R Q S Aγ+

+ += + ⋅
    (7) 

In Equation (7), ( ),t tQ S A+  represents the expected 

Q-value of the target network after taking action tA  at 

time t  in state tS . tR  is the reward received by the 

agent after executing tA  at time t , and γ  is the
discount factor. The reward function was designed by 
jointly considering delay, packet loss, link utilization, and 
load balancing. Specifically, the reward increased when the 
selected path achieved lower delay and packet loss with 
balanced link utilization, and decreased when congestion or 
excessive path switching occurred. The primary 
hyperparameters for DQN training are configured as 
follows: a learning rate of 0.001, a discount factor of 0.95, a 
batch size of 64, a replay buffer size of 5,000, an 
exploration rate decaying from 0.9 to 0.05, and a target 
network update interval of 20 episodes. In summary, this 
study combines the BLUE-SDN architecture based on link 
utilization with the GURU-DQN intelligent routing model 
using reinforcement learning, and proposes a new SDN 
dynamic path decision model named LUGDQ-SDN. The 
overall process is shown in Figure 3. 
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Figure 3. LUGDQ-SDN path dynamic decision model 
process 

As shown in Figure 3, the model gathers some important 
parameters such as link utilizations and ECN markings in 
real-time via the SDN controller for creating an overview of 
the entire network. Afterward, the GCN-GRU layer is 
applied for extracting some temporal features of the network 
structure and links. The DQN agent takes the state features 
as input, generates transition samples (St, At, Rt, St+1), and 
stores them in the experience pool to support later strategy 
training. The online and target networks optimize the path 
strategy by updating Q-values. Finally, relying on SDN's 
centralized control, the model enables intelligent path 
delivery and dynamic global traffic scheduling, ensuring 
efficient and adaptive path decisions in highly dynamic 
network environments. In practical applications, each 
component of LUGDQ-SDN performs a specific function 
within the routing framework. The SDN controller collects 
network state information and manages path deployment, the 
BLU-ECN module provides congestion awareness and link 
load perception, the GCN-GRU module extracts 
spatial-temporal traffic features and predicts network state 
evolution, and the DQN module generates adaptive routing 
decisions based on the learned state representation. Through 
the coordinated interaction of these components, the 
application achieves intelligent path selection and dynamic 
traffic scheduling. 

4. Performance of the LUGDQ-SDN model
for dynamic path selection

4.1. Performance verification of the 
BLUE-SDN path selection algorithm 

To verify the performance advantages of the proposed 
BLUE-SDN path selection algorithm in dynamic scheduling 
scenarios, this study compared it with SDN, 
Centralized-Shortest Path First (C-SPF), and 
Distributed-Bandwidth-Aware Routing (D-BAR). The 
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selected baselines represented three typical routing 
strategies: traditional SDN routing based on centralized 
control, C-SPF based on static shortest-path selection, and 
D-BAR based on distributed bandwidth awareness. These
methods covered static routing, bandwidth-aware routing,
and distributed path selection, making them suitable for
evaluating the advantages of BLUE-SDN in congestion
awareness and dynamic scheduling. The experiments were
performed using the Mininet-WiFi 2.3.1b simulation tool
and the common topology of a wireless network. As the
real-time monitor of network traffic, sFlow-RT was chosen.
In addition, the GEANT academic backbone topology with
23 nodes and 36 links was chosen as the testing platform,
and samples of 16-week link usage and traffic matrixes taken 
every 15 minutes were used. All experiments were executed
on a 64-bit Windows 10 system equipped with an Intel Core
i9-12900K CPU, 64 GB RAM, and an NVIDIA GeForce
RTX 3090 GPU. Prior to training, the GEANT traffic
matrices were normalized to the range of [0, 1], and the link
utilization, delay, packet loss, and bandwidth were extracted
as state features. The dataset was divided into training and
testing sets at a ratio of 8:2. All comparison models were
trained and tested under the same topology, traffic
generation rules, controller configuration, and hardware
environment to ensure fair comparison. Each experiment
was repeated five times, and the average value was used for
performance analysis. The virtual intelligent laboratory in
this study refers to the Mininet-WiFi simulation
environment integrated with the Ryu controller, sFlow-RT,
and GEANT topology dataset. It can be accessed through the
local experimental server by starting the controller, loading
the network topology, and running the traffic monitoring and
model training programs, thereby supporting reproducible
SDN routing simulation and intelligent path decision
verification. This study first compared the throughput and
average transmission delay of the four algorithms. The
results are shown in Figure 4.
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Figure 4. Comparison of throughput and average 
transmission delay 

Figure 4(a) indicates that as the transmission rate grew, 
the throughput rate for the BLUE-SDN protocol stayed 
highest at 57 Mbit/s when the load was 60 Mbit/s. From 
Figure 4(b), it can be seen that the average transmission time 
for the BLUE-SDN protocol has been kept below 0.043 s as 

the load kept increasing. This demonstrated excellent 
real-time responsiveness and congestion mitigation. These 
results showed that BLUE-SDN performed well in both 
throughput assurance and delay control, effectively 
enhancing the intelligence level of path scheduling. This 
improvement is mainly because BLUE-SDN uses BLU and 
ECN feedback to identify congested links in advance and 
redirect traffic before severe queue accumulation occurs, 
thereby reducing waiting time and improving available path 
utilization. To further evaluate the overall performance of 
the proposed method in path selection, this study also 
compared the average link packet loss rate and link 
utilization of the four algorithms. The results are shown in 
Figure 5. 
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As can be seen from Figure 5(a) in the context of 
dynamic networks, the BLUE-SDN algorithm was 
associated with the least mean packet loss ratio on all paths 
over the entire testing period, and the maximum value of 
packet loss ratios of this algorithm was 0.02%. The results 
clearly show the effectiveness of this algorithm with regard 
to the problem of detection and dynamic path routing due to 
the employment of BLU and ECN. It effectively reduced 
packet loss caused by congestion, ensuring network stability 
and reliability. As shown in Figure 5(b), under different 
network load conditions, BLUE-SDN consistently achieved 
the highest link utilization. When the load reached 0.6 Mbps, 
its utilization peaked at 89%, significantly higher than 77% 
for C-SPF, 68% for D-BAR, and 56% for traditional SDN. 
These results confirmed that BLUE-SDN could better utilize 
link bandwidth resources in dynamic scheduling scenarios, 
achieving collaborative optimization across congestion 
avoidance, load balancing, and throughput enhancement. 
The higher utilization does not indicate link overloading, but 
reflects that traffic is more evenly allocated to available 
paths while bottleneck links are dynamically avoided. This 
validated the proposed method's performance advantages in 
path selection. 

4.2. Practical effect of LUGDQ-SDN model in 
dynamic path decision-making 
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Following confirmation of successful load balancing 
and congestion sensing using the BLUE-SDN algorithm for 
dynamic link scheduling, this research also investigated the 
adaptability and robustness of the LUGDQ-SDN framework 
in state sensing and optimization under varying conditions. 
The model was compared with Graph Attention Network 
with Deep Q-Network (GAT-DQN), Gated Recurrent Unit 
with Policy Gradient (GRU-PG), and Graph Convolutional 
Reinforcement Routing (GCRR). The experiments 
continued to use the GEANT dataset as the standard 
platform. The control and data planes were implemented 
using the Ryu controller and the Mininet-WiFi 2.3.1b 
environment, respectively. First, this study compared the 
convergence speed and the Root Mean Square Error (RMSE) 
of predicted traffic for the four models. The results are 
shown in Figure 6. 
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In Figure 6(a), the cumulative loss of the 
LUGDQ-SDN model rapidly converged after the 15th 
iteration and stabilized at 0.03, much faster than the 31, 45, 
and 64 iterations required by GAT-DQN, GRU-PG, and 
GCRR, respectively. This verified the model's fast 
convergence and training stability during strategy 
optimization. Furthermore, According to Figure 6(b), 
LUGDQ-SDN performed the best in RMSE traffic 
prediction with just 4.2% of RMSE, which was much 
smaller compared to all other models. It meant that it 
possessed more accurate modeling of the state space and 
traffic modeling. This is because the GCN-GRU module 
jointly captures topology-dependent spatial correlations and 
temporal traffic evolution, providing more informative state 
representations for the DQN agent and reducing unnecessary 
exploration during training. The findings suggested that the 
new model performed very well in terms of convergence 
speed and decision stability in complex networks, thus 
demonstrating great adaptability. In order to evaluate the 
decision-making performance of the paths, this study made 
comparisons in regard to load balancing and decision latency 
between the four models. The results are shown in Figure 7. 
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Figure 7. Comparison of the load balancing and 
real-time decision latency 

As shown in Figure 7(a), the LUGDQ-SDN model 
consistently achieved the lowest load-balancing values 
across all transmission rates. At 100 Mbit/s, the value was 
only 0.23, significantly lower than 0.49 for GAT-DQN, 0.57 
for GRU-PG, and 0.91 for GCRR. This indicated that the 
proposed model effectively avoided traffic congestion on 
local links and achieved distributed traffic scheduling and 
balanced link pressure. As can be seen from Figure 7(b), the 
curve of decision time lag in real time for LUGDQ-SDN 
stayed consistently the lowest one when the number of 
training steps increased, where the minimum delay was even 
only 31 ms on average, which was much better than other 
methods. This reflected a faster response to network states 
and more stable decision-making. The reduced decision 
latency is mainly attributed to the trained DQN policy, which 
directly maps the learned network state representation to 
routing actions without repeatedly recalculating paths from 
scratch. After evaluating routing efficiency, load balancing, 
and real-time decision performance, this study further 
investigated the robustness of the proposed model under 
network failure conditions. Considering that link 
interruption and node failure are common challenges in 
practical power communication systems, a failure-recovery 
experiment was conducted on the GEANT topology. During 
testing, 10% of backbone links were randomly disconnected, 
and the routing models were required to re-establish 
available paths dynamically. The results are summarized in 
Table 1. 

Table 1. Robustness comparison under random link 
failure scenarios 

Model 

Path 
Recovery 
Success 
Rate (%) 

Recovery 
Time (ms) 

Throughput 
Retention 
Rate (%) 

GCRR 85.7 87 72.4 
GRU-PG 89.3 75 78.6 

GAT-DQN 92.1 61 83.7 
LUGDQ-SDN 96.8 42 89.5 

As illustrated in Table 1, the highest path recovery 
success ratio, which is 96.8%, can be obtained using 
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LUGDQ-SDN while at the same time maintaining a 
throughput retention ratio of 89.5%. This happened after a 
link failure, and it has the least recovery time of 42 ms. This 
is mainly because the BLU-ECN mechanism can rapidly 
identify abnormal link states, while the GCN-GRU-DQN 
framework provides accurate state perception and adaptive 
rerouting decisions. These results indicate that the proposed 
model not only improves routing efficiency during normal 
operation but also exhibits strong robustness and service 
continuity under failure conditions.  

To further verify the contribution of each component, 
ablation experiments were conducted by removing the 
BLU-ECN mechanism, the GCN-GRU module, and the 
DQN module from LUGDQ-SDN, respectively. The results 
are shown in Table 2. 

Table 2. Ablation study of LUGDQ-SDN components 

Model RMSE 
(%) 

Load 
Balancing 

Value 

Decision 
Latency 

(ms) 

Packet 
Loss 
Rate 
(%) 

Without 
BLU-ECN 6.8 0.41 46 0.07 

Without 
GCN-GRU 8.5 0.52 58 0.09 

Without DQN 7.3 0.47 64 0.08 
LUGDQ-SDN 4.2 0.23 31 0.02 

The ablation results indicated that removing any 
component weakened the overall model performance. 
Without BLU-ECN, congestion perception became less 
accurate, without GCN-GRU, traffic prediction accuracy 
decreased, and without DQN, the adaptive decision-making 
capability was significantly reduced. This confirms that the 
three modules jointly contribute to the overall performance 
improvement of LUGDQ-SDN. Overall, the model has 
proved to be more effective in both load balancing and 
real-time capability, thereby fulfilling the primary 
requirements of intelligent routing in highly dynamic and 
resilient conditions. The results suggest that LUGDQ-SDN 
model has shown quicker convergence rate, accurate state 
identification, and reduced decision time. Consequently, it is 
an efficient tool for solving path scheduling problems in 
dynamic environments. These improvements are meaningful 
for power communication services because lower decision 
latency and packet loss can support time-sensitive 
dispatching and protection communication, while higher 
link utilization and better load balancing help maintain stable 
service transmission during traffic fluctuation or partial link 
degradation. Therefore, the proposed model has practical 
relevance for improving the communication resilience of 
smart grid infrastructures. 

5. Discussion and Conclusion

5.1. Discussion 

The proposed LUGDQ-SDN architecture may be 
implemented on an SDN controller as an intelligent routing 
application. Link-state data is collected by the controller 
using monitoring systems, processed through the 
GCN-GRU-DQN component, and then routing rules are 
established using the southbound interface. In actual 
implementation, the most important system constraints 
include real-time link monitoring capability, enough 
computational capabilities of the controller to run model 
inference, and support of OpenFlow switches. Since the 
online routing decision latency is 31 ms, the model is 
suitable for delay-sensitive routing services, but large-scale 
deployment may require lightweight model compression or 
edge-assisted inference. For migration from simulation to 
real SDN environments, the Mininet-WiFi topology scripts 
can be replaced by real switch and controller interfaces, 
while the same state collection, decision, and flow-rule 
installation logic can be retained. Future implementation 
should further consider multi-controller coordination and 
controller-failure recovery to enhance cross-domain 
scalability and operational reliability. 

5.2. Conclusion 

In response to response lag, uneven load distribution, 
and weak congestion control in traditional SDN path 
scheduling for power communication networks, this study 
proposes the LUGDQ-SDN model by integrating link 
utilization with reinforcement learning. First, this study 
designs a BLUE-SDN routing mechanism that combines 
BLU with explicit congestion notification to rapidly identify 
and dynamically bypass congested links. Experimental 
results show that under a 60 Mbit/s load, BLUE-SDN 
achieves 57 Mbit/s throughput, 0.043 s transmission delay, 
0.02% packet loss rate, and 89% link utilization, 
significantly outperforming the comparison algorithms. 
Then, a GCN-GRU structure is introduced to capture 
topology-temporal correlation features and is further 
integrated with a deep Q-network for adaptive policy 
optimization, enabling LUGDQ-SDN to converge to a 
minimum loss of 0.03 within 15 iterations, reduce traffic 
prediction RMSE to 4.2%, and achieve a median real-time 
decision latency of only 31 ms. The proposed framework can 
be applied to smart grid communication networks, substation 
communication systems, distributed energy management 
networks, and other latency-sensitive SDN-based 
infrastructures requiring adaptive routing and reliable data 
transmission. Compared with conventional SDN routing 
methods, the proposed framework offers advantages in 
congestion awareness, adaptive path optimization, load 
balancing, and real-time decision-making, making it more 
suitable for highly dynamic power communication 
environments. However, multi-controller coordination in 
cross-domain deployments and device heterogeneity have 
not yet been considered. In addition, the current model still 
depends on simulation-based validation, and the 
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GCN-GRU-DQN structure may introduce additional 
computational overhead during large-scale deployment. Its 
performance under controller failures, extreme traffic bursts, 
and real power communication devices also requires further 
verification. Future work will extend validation in complex 
real-world networks to further enhance practicality and 
generalizability. In particular, future studies will focus on 
multi-controller collaborative routing, heterogeneous device 
adaptation, lightweight model deployment, failure-resilient 
path recovery, and real-time testing in practical power 
communication infrastructures. 
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