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Abstract. The power business load has significant periodicity and suddenness characteristics, and has high requirements for operational reliability. 
Traditional container resource static allocation methods and general elastic scheduling strategies are difficult to achieve efficient and energy-saving 
resource utilization while ensuring service quality. To address the above issues, research and analyze the load patterns and various constraints of 
typical power business scenarios, construct a mixed integer programming model with the goal of minimizing service response time, resource 
fragmentation rate, and system energy consumption, and propose a hierarchical elastic scheduling framework. This framework integrates a threshold 
based passive scaling mechanism and a pre scheduling mechanism based on bidirectional long short-term memory network load prediction. For high 
proportion new energy power scenarios, the wind and photovoltaic output cycle encoding is embedded into the model, and grid load constraints are 
introduced to achieve deep coupling between power system energy flow and container computing power flow. In a typical mixed load scenario, 
comparative experiments were conducted with Kubernetes' default horizontal container auto scaling and classic best fit algorithms. The results 
showed that the optimized scheduling scheme proposed in this paper reduced the average response time of applications by 31.2%, increased the 
average resource utilization rate of the cluster from 58.72% to 86.63%, and controlled the service violation rate from 8.55% to below 1.00%; Through 
the integration of intelligent nodes, the overall energy consumption of the system has decreased by about 22.3%. This article provides effective 
theoretical methods and engineering practice references for the dynamic management and optimization of cloud native infrastructure resources in 
the power industry. 
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1. Introduction 

Driven by the "dual carbon" goal, renewable energy (wind 
power and photovoltaic) is being connected to the grid on a 
large scale, and the new power system presents a high 
proportion of renewable energy and high power 
electronicization characteristics (Duan et al. 2025; Deng et al. 
2025; Rezaei et al. 2025). The operation and regulation of the 
power grid (new energy consumption, source grid load storage 
coordination, wind and solar power prediction) have surged, 
and the load fluctuation is strong, with strict requirements for 
real-time and reliability. This type of business is mostly 
deployed on cloud native container platforms, and traditional 
scheduling strategies are difficult to adapt to the strong random 
fluctuations and high reliability demands brought by renewable 
energy grid connection, which can easily lead to resource waste, 
response delay, and high energy consumption (Cao, et al. 2025; 
Roi, et al. 2025; Vinayak, et al. 2025). Therefore, for power 
environments with a high proportion of renewable energy, 
exploring flexible scheduling and optimization algorithms for 
container resources is of great significance in supporting 
efficient consumption of renewable energy and improving the 
operational energy efficiency of new power systems (Liu et al. 
2024; Kumar et al. 2023). Currently, traditional container 
resource scheduling strategies mostly use static allocation or 
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general elastic scaling mechanisms, which are difficult to adapt 
to the strong periodicity and sudden fluctuation characteristics 
of power business loads (Kafhali, 2026; Peng, et al. 2025; 
Baldouski et al. 2025). Moreover, the existing Kubernetes elastic 
scaling mechanism has scaling lag and lack of coordination in 
horizontal and vertical scheduling, which can easily lead to 
delayed service response, excessive resource fragmentation 
rate, system energy consumption redundancy, etc. Meanwhile, 
it also cannot balance the high reliability requirements of power 
services and the energy-saving resource utilization (Liu, Wang. 
2025; Shan et al. 2025). In response to the above challenges, the 
research focuses on the intelligent elastic scheduling of 
container resources in the power environment. By analyzing the 
power business load mode and scheduling constraints, a multi-
objective optimization model is constructed. The elastic 
scheduling strategy is designed by integrating load prediction 
and hybrid intelligent optimization algorithms to collaboratively 
optimize service response time, resource utilization, and system 
energy consumption, and provide theoretical and practical 
support for dynamic resource management of cloud native 
infrastructure in the power industry. The innovations of the 
research are as follows: For the first time, bidirectional long 
short-term memory networks (Bi-LSTM), discrete particle 
swarm optimization (DPSO), and simulated annealing (SA) are 
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integrated for scheduling, tailored for high proportion 
renewable energy power scenarios: Periodic coding of wind and 
solar output is embedded. Then, grid load constraints are 
introduced. Energy consumption-consumption-delay 
collaborative goals are constructed. A scheduling framework is 
formed to deeply couple the energy flow in the power system 
and the container computing power flow, rather than simply 
reusing it in a general cloud environment. The core 
contributions of this paper focus on sustainable energy systems: 
a container dispatching framework adapted to high-proportion 
renewable energy power generation scenarios is constructed to 
coordinately optimize energy consumption, delay, and resource 
utilization. Carbon emission reduction potential is quantified to 
provide feasible solutions for low-carbon operation of smart 
grids. Model definition, algorithm comparison, statistical 
verification and scalability testing are improved. Method 
transparency and scientific rigor are significantly improved, and 
the relevance and practical application value in the fields of 
renewable energy and sustainable infrastructure are enhanced. 

2. Literature review 

In recent years, green computing, low-carbon data centers, 
and renewable energy-driven cloud systems have become 
research hotspots. It focuses on the decarbonization and energy 
efficiency optimization of computing power resources, 
exploring solutions for renewable energy sources such as 
photovoltaics and wind energy to power data centers, and 
reducing carbon emissions through energy-saving scheduling 
and load migration. Energy saving edge computing has also 
developed rapidly, aiming to deal with renewable energy 
related businesses nearby and reduce transmission energy 
consumption. However, existing research lacks in-depth 
integration of low-carbon scheduling with renewable energy 
consumption and smart grid energy efficiency management in 
power systems, and lacks customized solutions for power 
scenarios. Li Z et al. (2025) proposed a layer-aware online joint 
request scheduling, container placement and resource provision 
strategy to address the problem that container orchestration in 
edge computing only focuses on a single link and ignores joint 
optimization. This strategy used a regularization-based method 
to separate time-dependent placement and wake-up costs, and 
combined stepwise rounding to generate feasible solutions to 
reduce costs and adapt to dynamic needs. Compared with the 
baseline algorithm, the performance was improved by about 
20%. Sarma (2023) proposed the Dragon Levy updating squirrel 
algorithm for container-aware application scheduling problems 
in cloud environments. This algorithm optimized resource 
allocation and reduced scheduling costs by defining objective 
functions such as total network distance, system failure, 
balanced cluster usage, and threshold distance. The results 
showed that the average cost was lower than that of the existing 
algorithm, and the optimal cost value reached 761.95 (Sarma 
2023). Wu H et al. proposed a container scheduling strategy 
based on image layer reuse and sequence arrangement to solve 
the low image reuse efficiency caused by the limited storage 
capacity of edge servers in mobile edge computing scenarios. 
This strategy modeled the execution sequence as an optimal 
Hamiltonian path problem by greedily deploying containers and 
designed a decomposition algorithm to solve it. An efficient 
image layer update strategy was used to achieve layer reuse. 
The results showed that this strategy shortened the computing 
task completion time by 91.3% (Wu et al. 2025). 

Container load prediction is a key technology in cloud native 
environments. It aims to predict future loads through historical 
resource usage data to achieve elastic scaling, resource 
optimization and cost reduction. Ye X et al. (2024) used 

empirical mode decomposition to process non-stationary load 
data. The long short-term memory network was used for 
prediction. The computing resources were automatically 
allocated according to the load fluctuation. The prediction 
accuracy was better than that of existing models, and it 
effectively improved the efficiency of computing resource 
utilization in real-time preprocessing of astronomical data (Ye et 
al. 2024). Park S and Bahn H proposed a cloud resource 
prediction engine that combined genetic algorithms and 
Bayesian neural networks to solve the inefficient resource 
allocation or resource bottlenecks caused by workload 
variability in container microservice architecture. This method 
learned interval distribution based on historical data and 
comprehensively considered the resource usage characteristics 
of the central processor and memory for prediction. Compared 
with the traditional auto-regressive integral moving average 
model and exponential smoothing method, the prediction 
accuracy of resource utilization was significantly improved and 
the risk of insufficient resources was effectively reduced (Park 
& Bahn 2024). Mo R et al. proposed a cross-workload power 
prediction method based on multi-source migration Gaussian 
process regression to solve the model failure caused by domain 
transfer between different workloads in cloud data center server 
power prediction. This method handled non-Gaussian 
characteristics by migrating rich power data knowledge from 
multiple source workloads to the target workload and adapting 
a continuous normalization flow to adjust the Gaussian process 
posterior distribution. The results showed that this method 
outperformed four traditional machine learning methods and 
three transfer learning methods in cross-workload power 
consumption prediction, effectively improving prediction 
accuracy and reducing data collection costs (Mo et al. 2025). 

To sum up, existing methods are mostly designed for 
specific scenarios and lack adaptation to the periodicity and 
suddenness of power business loads. Some of them only focus 
on a single dispatching link or single-dimensional prediction, 
and do not collaboratively optimize dispatching and load 
prediction. There are few comprehensive solutions that take 
into account multi-objective dispatching and engineering 
practicality. Therefore, focusing on the intelligent elastic 
scheduling of container resources in the power environment, a 
multi-objective optimization model is constructed by analyzing 
the power business load mode and scheduling constraints. A 
flexible scheduling strategy is designed by integrating load 
prediction and hybrid intelligent optimization algorithms to 
collaboratively optimize service response time, resource 
utilization, and system energy consumption. 

3. Elastic scheduling design of power containers based on 
improved hybrid algorithm 

3.1 Analysis and modeling of container resource scheduling 
characteristics in power environment 

Container technology has become a mainstream choice for 
power business deployment due to its lightweight, fast startup 
and resource isolation characteristics. Power business systems 
are accelerating their transformation to cloud-native 
architecture, using microservices and containerized 
deployment methods to improve the flexibility and 
maintainability. Kubernetes is Google's open source container 
orchestration platform. Its core function is to automatically 
manage the entire life cycle of large-scale containerized 
applications. Its elastic scaling mechanism is divided into 
Horizontal Pod Autoscaler (HPA) and Vertical Pod Autoscaler 
(VPA) (Subramanyam, Padhi 2023; Hyder et al. 2024). The 
architecture of HPA is shown in Figure 1. 
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From Figure 1, the HPA controller regularly calls the 
Application Programming Interface (API) service through 
polling to obtain business load indicator data. HPA supports 
different metrics: basic metrics, custom metrics, and external 
metrics. Custom indicators and external indicators are mainly 
collected through Prometheus. The structure of VPA is shown 
in Figure 2. From Figure 2, the Recommender in VPA 
continuously monitors and analyzes the historical and real-time 
resource usage of Pods, and generates optimal resource 
allocation recommendations accordingly. The Updater is 
responsible for executing the adjustment strategy. When the 
difference between the recommended value and the current 
configuration exceeds the set threshold, the target Pod will be 
deleted. Then, the Deployment or ReplicaSet controller will 
automatically create a new Pod with new resource 
specifications to maintain the desired number of copies and 
complete vertical expansion and contraction (Thallapally 2024). 
However, both HPA and VPA have problems with lag and lack 
of coordination mechanisms, and cannot meet the requirements 
of power business container scheduling. In the power business 
container cloud cluster, the demand for business container 
resources changes dynamically, and elastic scaling is required 
to meet the demand and improve resource utilization (Li, et al. 
2024; Shakya, et al. 2024; Sharma et al. 2025). Therefore, a 
mathematical model based on Kubernetes is built. From the 
perspective of energy systems, this model is essentially an 
energy efficiency optimization tool for high proportion 
renewable energy grids: by minimizing response delay to ensure 
real-time control of wind and solar power output, reducing 
resource fragmentation and redundant energy consumption, 
optimizing cluster energy consumption, and directly reducing 

carbon emissions in the power system. The model deeply 
couples container scheduling with energy flow and load 
fluctuations in the power grid, taking into account the efficiency 
of renewable energy consumption and the efficiency of 
computing resources, achieving synergy between smart grid 
energy management and cloud resource optimization. This 
model takes service response time, resource fragmentation rate, 
and system energy consumption minimization as its core 
objectives. It uses a weighted summation method to convert 
multi-objectives into a single-objective mixed integer 
programming problem to adapt to the multi-constraint 
scheduling needs of the power business. The objective function 
is shown in equation (1). 

𝑚𝑖𝑛 𝐹 = 𝜔1 ⋅ 𝐹1 + 𝜔2 ⋅ 𝐹2 +𝜔3 ⋅ 𝐹3      (1) 

In equation (1), 𝐹 represents the objective function. 𝜔1, 𝜔2, and 
𝜔3 are all weights. 𝐹1 represents the average service response 
time. 𝐹2  represents the cluster's comprehensive resource 
fragmentation rate. 𝐹3 represents the total energy consumption 
of the cluster per unit time. The weights 𝜔1-𝜔3 are set based on 
the priority of renewable energy power systems: with low-
carbon and energy-saving as the core. 𝜔3  is 0.5. Considering 
service reliability, 𝜔1  is 0.3. Considering balance resource 
utilization rate, 𝜔2 is 0.2. The weight sensitivity analysis shows 
that under this ratio, the balance of the three objectives is 
optimal. When the weight fluctuates by ±15%, the overall 
performance of the system decreases by less than 4%, which is 
suitable for stable operation requirements in power scenarios. 
The average service response time is shown in equation (2). 
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𝐹1 =
∑

𝑖=1
𝑀
∑

𝑗=1
𝑧𝑖𝑟

∑

𝑘=1
𝑁
𝑇𝑖𝑗𝑘⋅𝑥𝑖𝑗𝑘

∑

𝑖=1
𝑀
𝑧𝑖𝑟

       (2) 

In equation (2), 𝑀  represents the total number of power 
business types. 𝑧𝑖𝑟 represents the number of Pod auto-scaling 
copies of resource type 𝑟 for power business 𝑖. 𝑁 represents the 
total number of container cloud cluster nodes. 𝑇𝑖𝑗𝑘 represents 

the service response time from the Pod 𝑗  of power service 𝑖 
scheduled to node 𝑘 . 𝑥𝑖𝑗𝑘  is a variable in 0-1, indicating the 

scheduling status of the power service Pod instance. The cluster 
comprehensive resource fragmentation rate is shown in 
equation (3). 

𝐹2 =
∑

𝑟=1
2
𝛼𝑟⋅ ∑

𝑘=1
𝑁

𝑚𝑎𝑥

(

 
 
𝐶𝑘𝑟−𝑈𝑘𝑟− ∑

𝑖=1
𝑀

∑

𝑗=1
𝑧𝑖𝑟

𝑃𝑗(𝑟)⋅𝑥𝑖𝑗𝑘,0

)

 
 

𝐶𝑘𝑟
⋅𝑦𝑘

∑

𝑟=1
2
𝛼𝑟

     (3) 

In equation (3), 𝛼𝑟  represents the weight coefficient of the 
resource type. 𝐶𝑘𝑟  represents the node's total capacity for 
resource types. 𝑈𝑘𝑟  represents the node's allocated resource 
amount for the resource type. 𝑃𝑗(𝑟)  represents the demand 

value of the resource type by the Pod. 𝑦𝑘 is a variable in 0-1, 
used to represent the node operating status. The total energy 
consumption of the cluster per unit time is shown in equation 
(4). 

𝐹3 = ∑

𝑘=1
𝑁

𝐸𝑘 ⋅ 𝑦𝑘 + ∑

𝑖=1
𝑀

∑

𝑗=1
𝑧𝑖𝑟

∑

𝑘=1
𝑁

𝑒𝑖𝑗𝑘 ⋅ 𝑥𝑖𝑗𝑘     (4) 

In equation (4), 𝐸𝑘 represents the basic energy consumption per 
unit time when the node is running. 𝑒𝑖𝑗𝑘  represents the 

incremental energy consumption per unit time of the power 
business Pod running on the node. Through the above method, 
a mixed integer programming model for container resource 
scheduling in a power environment is constructed. Constraints 
include: the upper limit of node CPU/memory capacity, the 
lower limit of Pod resource requirements, the uniqueness 
constraints of scheduling and the boundary constraints of 
renewable energy load fluctuations, ensuring the reproducibility 
and adaptability of the model to power scenarios. 

3.2 Design of flexible scheduling strategy for power business 
containers 

To solve the hysteresis and lack of coordination mechanism in 
both HPA and VPA, and meet the optimization goal, a Hybrid 

Pod Autoscaler for Load Forecasting (HPALF) is proposed. The 
HPALF framework is divided into three core parts: first, the 
vertical scaling resource recommendation algorithm, which 
dynamically calculates the optimal CPU and memory 
configuration of the Pod based on historical resource usage 
data. The second is an active horizontal scaling strategy based 
on the Bi-LSTM load prediction model, which uses a Bi-LSTM 
to predict traffic trends in advance and achieve pre-expansion 
to avoid response delays. The third is a horizontal and vertical 
hybrid elastic scaling strategy that intelligently coordinates the 
triggering timing and priority of horizontal and vertical scaling 
to ensure service stability while maximizing resource utilization 
efficiency. The vertical scaling resource recommendation 
algorithm is shown in equation (5). 

𝐴𝑑𝑖
𝑣𝑎𝑟𝑟(𝑡) =

{
𝐴𝑝𝑜𝑑𝑗
𝑅 , 𝑝𝑜𝑑𝑗 ∈ 𝑃𝑑𝑖 , 𝑖𝑓𝑡 = 0

𝛽 × 𝐴
𝑚𝑎𝑥𝐶𝑃𝑈(𝑃𝑑𝑖)

𝑈𝑠𝑒𝑑 + (1 − 𝛽) × 𝐴𝑑𝑖
𝑣𝑎𝑟𝑟(𝑡 − 1), 𝑖𝑓𝑡 > 1

   (5) 

In equation (5), 𝐴𝑑𝑖
𝑣𝑎𝑟𝑟(𝑡) represents the recommended value of 

Pod vertical scaling resource specifications at the current 
moment. 𝐴𝑝𝑜𝑑𝑗

𝑅  represents 𝑝𝑜𝑑𝑗 's request for resource 𝑅 . 𝑃𝑑𝑖 

represents the Pod set that manages 𝑑𝑖 . 𝛽  represents the 

smoothing coefficient. 𝐴
𝑚𝑎𝑥𝐶𝑃𝑈(𝑃𝑑𝑖)

𝑈𝑠𝑒𝑑  represents the actual 

resource usage of the Pod with the largest CPU resource request 
at the current moment. The load prediction model based on Bi-
LSTM is shown in Figure 3. 

From Figure 3, the load prediction model based on Bi-
LSTM is divided into input, hidden, and fully connected layers. 
The input layer receives a 36-length time series of CPU and 
memory usage and sine-cosine encoded hour and minute 
periodicity encoding. The hidden layer consists of forward and 
backward LSTM layers with 128 units, learning bidirectional 
timing dependencies. The fully connected layer converts the 
256-dimensional bidirectional output into 6-dimension to 
predict the CPU, memory usage, and cycle coding at the next 
moment (Akkepalli 2025; Mandal et al. 2023). The Bi-LSTM 
model uses 29 days of real load data from the power system, 
divided into training/validation/testing sets in a ratio of 7:2:1. 
Hyperparameters: 128 units in the hidden layer, 64 batches, and 
50 training cycles. The Adam optimizer with an initial learning 
rate of 0.001 is used. Dropout (0.2) and an early stopping 
mechanism are introduced to prevent overfitting, and the time 
characteristics of renewable energy are combined to enhance 
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generalization capabilities and ensure a balance between 
prediction accuracy and real-time performance. The periodic 
encoding of hours is shown in equation (6). 

{
𝑐ℎ 𝑠𝑖𝑛 = 𝑠𝑖𝑛 (

2𝜋ℎ

24
)

𝑐ℎ 𝑐𝑜𝑠 = 𝑐𝑜𝑠 (
2𝜋ℎ

24
)
       (6) 

In equation (6), 𝑐ℎ𝑠𝑖𝑛 and 𝑐ℎ𝑐𝑜𝑠 represent the sine and cosine 
codes of hours, respectively. ℎ represents hour. The periodic 
encoding of minutes is shown in equation (7). 

{
𝑐𝑚 𝑠𝑖𝑛 = 𝑠𝑖𝑛 (

2𝜋𝑚

60
)

𝑐𝑚 𝑐𝑜𝑠 = 𝑐𝑜𝑠 (
2𝜋𝑚

60
)
       (7) 

In equation (7), 𝑐𝑚𝑠𝑖𝑛 and 𝑐𝑚𝑐𝑜𝑠 represent the sine and cosine 
codes of minutes, respectively. 𝑚  represents minutes. The 
active horizontal scaling strategy based on Bi-LSTM uses the 
bidirectional structure of Bi-LSTM to capture the forward and 
backward dependencies of time series to achieve multi-step 
recursive prediction of future dual intervals (short-term and 
medium-term). The interval prediction is shown in equation (8). 

{
𝑇𝑝𝑟𝑒 = 𝑊𝑝,𝑑 +𝑊𝑝,𝑖𝑛

𝑠𝑝𝑟𝑒 = ⌈
𝑇𝑝𝑟𝑒

𝐺𝑇
⌉ + 1

       (8) 

In equation (8), 𝑇𝑝𝑟𝑒  represents the total forward prediction 

time. 𝑊𝑝,𝑑 represents the prediction delay time window. 𝑊𝑝,𝑖𝑛 

is the reserved time window. 𝑠𝑝𝑟𝑒 is the number of prediction 

interval steps. 𝐺𝑇  is the time granularity of the data set. 
However, since VPA needs to be evicted and then rebuilt when 

updating Pod resource specifications, it can easily lead to a 
breach of the service level agreement (Sanaa, et al. 2024; 
Nguyen, et al. 2024). VPA and HPA cannot be opened together 
due to differences in design mechanisms. Therefore, the above 
problems are solved through a horizontal and vertical hybrid 
elastic scaling strategy. Combining the horizontal and vertical 
hybrid elastic scaling strategies, the structure of HPALF is 
shown in Figure 4. 

From Figure 4, the Deployment in Kubernetes feeds back 
historical load data to the load prediction model based on Bi-
LSTM through the collection output. The model processes the 
data and reads the time series data after training, and inputs the 
active horizontal scaling strategy to obtain the dual-interval 
prediction value. Kubernetes samples Pod data in real time and 
updates it to the vertical scaling resource recommendation 
algorithm. The active horizontal scaling strategy and the vertical 
scaling resource recommendation algorithm together form a 
horizontal and vertical hybrid elastic scaling strategy. Finally, 
the number of Pods and resource specifications of the 
Deployment in Kubernetes are adjusted through horizontal and 
vertical hybrid elastic scaling to achieve closed-loop control. 

3.3 Design of container scheduling algorithm integrating multi-
objective optimization 

After constructing a flexible scheduling strategy for power 
business containers, a container scheduling algorithm can be 
constructed accordingly. For the multi-objective optimization 
problem of container scheduling, the SA and DPSO algorithms 
are selected to solve it. SA is a general optimization algorithm 
based on the physical annealing process. It is used to find the 
global optimal solution in a huge search space. It avoids falling 
into local optima by allowing bad moves, but it has slow 
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convergence and difficult parameter tuning (Momposhi et al. 
2025; Wellalage, Fackrell & Zhang 2024). The core idea of 
DPSO is to convert velocity vectors into probabilities or 
operators so that particles can "fly" in discrete space. However, 
DPSO has parameter sensitivity and high computational cost. 
Therefore, the study constructs a hybrid swarm intelligence 
algorithm by combining SA and DPSO. Compared to classic 
multi-objective algorithms such as NSGA-II and MOEA/D, SA-
DPSO combines the global escape capability of SA with the fast 
convergence advantage of DPSO, making it suitable for strong 
discrete constraints in power container scheduling and large 
fluctuations in renewable energy loads. Compared with whale 
optimization algorithm and reinforcement learning, it has fewer 
parameters, higher robustness, lower engineering deployment 
cost, and can balance optimization accuracy and real-time 
scheduling overhead, which is more in line with the 
comprehensive needs of low latency, high reliability, low-
carbon, and energy-saving in power systems. The process of 
SA-DPSO is shown in Figure 5. 

From Figure 5, the SA and DPSO parameters are first 
initialized in parallel, and the position, velocity and 
individual/global optimal solutions of the particle swarm are 
randomly generated. When the temperature is higher than the 
termination temperature, the loop is executed. Some particles 
are randomly selected for position perturbation. If the new 
position is better, it is accepted directly. Otherwise, the original 
position is accepted based on the Metropolis criterion. Next, the 
particle speed, position, and individual/global optimal records 
are updated, and the cooling operation is performed. It is looped 
until the temperature drops to the threshold and the global 
optimal solution is output (Sun et al. 2024; Song, Jiang & Yan 
2025; Cen 2023). The fitness function of SA-DPSO is divided 
into four parts: energy efficiency, node resource balancing, 
cluster load balancing, and penalty. The energy efficiency part 
is shown in equation (9). 

𝑓𝐸 =
𝛥𝑃𝑐

𝛥𝑃𝑡
        (9) 

In equation (9), 𝑓𝐸 represents the energy efficiency part of the 
fitness function. 𝛥𝑃𝑐  represents the power consumption 
increase of the cluster after deploying a set of Pods. 𝛥𝑃𝑡 
represents the threshold value of the energy efficiency part. The 
node resource balance part is shown in equation (10). 

= −i i

i i

Alloc Alloc
node node

N Cap Cap

node node

C M
f

C M
       (10) 

In equation (10), 𝑓𝑁 represents the node resource balance part 

of the fitness function. 𝐶𝑛𝑜𝑑𝑒𝑖
𝐴𝑙𝑙𝑜𝑐  and 𝑀𝑛𝑜𝑑𝑒𝑖

𝐴𝑙𝑙𝑜𝑐  represent the 

allocated resources of CPU and memory, respectively. 𝐶𝑛𝑜𝑑𝑒𝑖
𝐶𝑎𝑝

 

and 𝑀𝑛𝑜𝑑𝑒𝑖
𝐶𝑎𝑝

 represent the total capacity of CPU and memory, 

respectively. The cluster load balancing part is shown in 
equation (11). 

 = +L CPU RAMf    (11) 

In equation (11), 𝑓𝐿 represents the cluster load balancing part. 
𝜎𝐶𝑃𝑈 and 𝜎𝑅𝐴𝑀 represent the sample standard deviation of CPU 
and memory utilization, respectively. At this time, the fitness 
function is shown in equation (12). 

𝑓(𝑋) = 𝜔𝐸 ⋅ 𝑓𝐸(𝑋) + 𝜔𝑁 ⋅ 𝑓𝑁(𝑋) + 𝜔𝐿 ⋅ 𝑓𝐿(𝑋) + 𝜆 ⋅ 𝑃𝐸(𝑋)   (12) 

In equation (12), 𝑓(𝑋) is the fitness function. 𝜔𝐸, 𝜔𝑁, 𝜔𝐿, and 𝜆 
are the weights of each part, respectively. 𝑃𝐸(𝑋)  is the 
punishment part. By combining SA-DPAO with the Kubernetes 
scheduling process, batch decisions can be made for all Pods. 
The details are as follows: In the filtering stage, the pre-selection 
strategy that relies on Pod indicators is abandoned, and 
unreasonable decisions are automatically avoided through the 
fitness function penalty. In the scoring stage, SA-DPSO is used 
to replace the default optimization strategy and allocate nodes 

Table 1  
SLAV for different methods (%) 

Business Application Group HPA VPA MRSIRW IDQN HPALF 

App 56 0.00 10.15 0.00 0.00 0.00 
App 66 1.36 0.18 3.72 0.00 0.00 
App 71 0.52 15.94 0.00 0.52 0.00 
App 133 17.15 11.33 0.65 0.13 0.15 
App 141 0.16 1.22 0.00 0.08 0.00 
App 166 0.08 12.45 0.13 0.04 0.00 
Average 3.21 8.55 0.75 0.13 0.03 
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to multiple Pods at one time. Next, the above method needs to 
be combined with HPALF. HPALF is responsible for elastic 
scaling to create Pods and add them to the queue to be 
scheduled to optimize. 

4. Simulation experiments and result analysis 

4.1 Flexibility effect verification 

To verify the performance of the container resource 
elastic scheduling method, it was compared with HPA, VPA, 
Multidimensional resource scheduling method based on idle 
rate weight (MRSIRW), and Improved Deep Q Network (IDQN). 
Experimental environment: 8 servers (2.5GHz 16-core CPU, 
64GB memory, 512GB SSD), Kubernetes 1.24 cluster. Unified 
node specifications and 10 G network interconnection are used. 
The workload is based on Google cluster data and includes 6 
types of power services related to renewable energy grid 
connection. The load cycles match the fluctuations in wind and 
solar output and cover peak/off-peak/emergency situations to 
ensure that the experiments approximate the actual operating 
conditions of the power system. The Service Level Agreement 
Violation (SLAV) rates of different methods are shown in Table 
1. From Table 1, HPALF had a lower SLAV. The average SLAV 
of HPA, VPA, MRSIRW and IDQN was 3.21%, 8.55%, 0.75% 
and 0.13%, respectively, while the average SLAV of MRSIRW 
was only 0.03%. The above results show that HPALF has better 
service quality. The average CPU and memory requests of 
different methods are shown in Figure 6. From Figure 6(a), 
HPALF had fewer CPU requests. Taking App 141 as an 
example, the number of CPU requests for HPA, VPA, MRSIRW 
and IDQN was 3,784, 2,482, 3,558 and 3,615, respectively, while 
the number of CPU requests for HPALF was only 2,056. From 
Figure 6(b), the number of RAM requests for HPALF was also 
less than that of other methods. Taking App 141 as an example, 

the number of CPU requests for HPA, VPA, MRSIRW and IDQN 
was 1,967, 2,085, 1,916 and 1,924, respectively, and the number 
of RAM requests for HPALF was 1,593. The above results 
showed that the number of CPU and memory requests for 
HPALF was much less than that of other methods. The CPU and 
memory utilization of different methods are shown in Figure 7. 

From Figure 7(a), compared to other methods, HPALF 
had higher CPU utilization. The average CPU utilization of HPA, 
VPA, MRSIRW and IDQN was 16.64%, 47.68%, 19.33% and 
19.23%, respectively, while the average CPU utilization of 
HPALF was 48.46%. From Figure 7(b), the RAM utilization of 
HPALF was significantly higher than that of other methods. The 
average RAM utilization of HPA, VPA, MRSIRW and IDQN was 
78.54%, 62.09%, 82.01% and 81.28%, respectively, and the 
average RAM utilization of HPALF was 86.63%. The above 
results show that HPALF has higher resource utilization. 

4.2.  Multi-objective optimization performance comparison 

To verify the performance of the optimization algorithm, 
it was compared with the Shuffle Dynamics Multi-objective 
Grey Wolf Optimization Algorithm (SD-MOGWO) and the 
Multi-objective Seagull Optimization Algorithm (MOSOA). In 
the experiment, the inertia weight is 0.5, the individual and 
social learning factors are 1.0 and 1.5, respectively, the initial 
temperature is 1,000, and the cooling rate is 0.98. The 
experiment uses a dataset of renewable energy grid connected 
measurement in the power system, collecting containerized 
business data such as grid scheduling, new energy 
consumption, and load regulation under high proportion wind 
and photovoltaic grid connection for 29 days. The data covers 
day and night cycles, random fluctuations in wind and solar 
output, load peaks and valleys, and sudden scenarios, which are 
in line with the real load characteristics of the smart grid. 
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Compared with general cluster data, it can better reflect the 
workload characteristics of renewable energy power 
infrastructure. The energy consumption and energy efficiency 
optimization results of different methods are shown in Figure 8. 

From Figure 8(a), compared with other methods, SA-
DPSO had lower energy consumption. The highest energy 
consumption of SD-MOGWO, MOSOA and SA-DPSO was 
21,189kJ, 22,484kJ and 18,672kJ, respectively, and the average 
energy consumption was 19,725kJ, 20,653kJ and 16,047kJ, 
respectively. The unified energy consumption measurement 
adopts the standard model of power infrastructure, covering the 
power consumption of server CPU, memory, hard disk, and 
network equipment. Modeling is based on the basic idle energy 
consumption of nodes and the incremental energy consumption 
of Pod loads, and is normalized to the total energy consumption 
of the cluster per unit time. The 22.3% reduction is calculated 
based on this model, with the benchmark being an unoptimized 
scheduling plan. The results are reproducible and in line with 
the energy consumption evaluation standards for renewable 
energy power data centers. From Figure 8(b), the highest 
energy efficiency of SD-MOGWO, MOSOA and SA-DPSO was 
100.4kJ, 99.0kJ and 102.7kJ, respectively, and the average 
energy efficiency was 98.9kJ, 97.8kJ and 101.8kJ, respectively. 
SA-DPSO has higher energy efficiency. The study used t-test to 
verify the significance of performance differences. The results 
showed that SA-DPSO had a statistically significant difference 

in response time and energy consumption compared to the 
comparative algorithm, with p<0.05. The 95% confidence 
interval analysis showed that the response time confidence 
interval was [0.42,0.48] s, and the energy consumption was 
[1578216312] kJ. The narrow and stable interval proves the 
prediction and dispatch performance robustness, and the results 
are repeatable and suitable for high reliability requirements in 
renewable energy generation scenarios. The above results show 
that the energy consumption and energy efficiency of SA-DPSO 
are better than those of other methods. The application 
response time and cluster balance of different methods are 
shown in Figure 9. 

From Figure 9(a), compared with other methods, the 
application response time of SA-DPSO was shorter. The 
average application response time of SD-MOGWO, MOSOA 
and SA-DPSO was 0.60s, 0.65s and 0.45s, respectively. From 
Figure 9(b), the average cluster balance degrees of SD-
MOGWO, MOSOA and SA-DPSO were 0.25, 0.27 and 0.14, 
respectively, among which the cluster balance degree of SA-
DPSO was significantly lower than that of other methods. The 
above results show that SA-DPSO can effectively reduce 
application response time and cluster balance. 

4.3 Algorithm overhead and scalability analysis 

The algorithm overhead and scalability are shown in Table 2. 
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Fig 9 Application response time and cluster balance of different methods 

 

Table 2 
Algorithm overhead and scalability 

Index Pod scale SA-DPSO SD-MOGWO MOSOA 

Time cost/ms 

100 46.2 68.3 75.9 

500 89.4 156.7 178.2 

1,000 165.3 325.4 369.8 

2,000 312.7 689.2 786.5 

10,000 1526.8 3587.9 4128.7 

Space overhead/MB 

100 18.5 25.7 29.3 
500 36.8 58.9 65.4 

1,000 69.2 115.6 132.8 
2,000 132.5 248.9 286.3 

10,000 638.2 1245.8 1432.5 

CPU utilization performance 
degradation rate/% 

100 0 0 0 
500 -2.1 3.5 4.2 

1,000 1.8 8.9 10.5 
2,000 4.5 16.8 19.2 

10,000 12.3 41.2 46.8 

SLAV performance degradation 
rate/% 

100 0 0 0 

500 0.8 3.2 3.8 

1,000 1.5 7.9 9.4 

2,000 3.2 15.6 18.2 

10,000 10.8 39.7 45.2 
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From Table 2, the time and space overhead of SA-DPSO was 
much lower than that of SD-MOGWO and MOSOA. The reason 
is that it simplifies the optimization process through hybrid 
optimization of SA and discrete particle swarm, and the pre-
scheduling mechanism of HPALF reduces the calculation 
amount of scheduling decisions. As the Pod scale increases, SA-
DPSO has the lowest performance attenuation rate. In a large-
scale scenario of 2,000 Pods, the CPU utilization and SLAV 
performance attenuation rate were only 4.5% and 3.2%, 
respectively. This is due to its parallel initialization design and 
HPALF's hierarchical elastic scheduling framework, which can 
effectively adapt to the needs of large-scale container 
scheduling in the power business. 

4.4 Parameter sensitivity analysis 

The parameter sensitivity analysis is shown in Table 3. From 
Table 3, the sensitivity of the proposed algorithm to core 
parameters was generally low. Only when the SA cooling rate 
was reduced by 20%, the performance fluctuated moderately. 
The remaining parameters were within the ±20% adjustment 
range, and the fluctuations in the application average response 
time and service violation rate were both controlled within 5%. 
This shows that the SA-DPSO algorithm has robustness, can 
adapt to dynamic changes in power business loads without fine 
parameter adjustment, and has strong engineering 
practicability. The cooling rate determines the speed of SA 
cooling: a too low rate leads to prolonged high-temperature 
search and slow convergence, which can amplify scheduling 
delays caused by fluctuations in renewable energy loads. If the 
speed is too high, it is prone to premature convergence and 
falling into local optima, which limits energy consumption 
optimization. The inertial weight controls DPSO 
exploration/development balance: If the weight is too large, the 
global search is strong but prone to oscillation. If it is too small, 
it is prone to local convergence and affects load balancing. Wind 
and solar output periods match prediction time steps: If the step 
is too long, there will be lag. If it is too short, noise interference 
will directly affect the pre-scheduling accuracy. The initial 
temperature control SA initially accepts the probability of poor 
solutions: searching for inefficient solutions when the 
temperature is too high, and premature solutions when the 
temperature is too low. The physical and computational effects 
of the above parameters jointly determine the scheduling 
stability and performance upper limit of the algorithm in 
renewable energy power scenarios. 

5. Discussion 

In the process of digital transformation of the new power 
system, services such as intelligent inspection and online 
monitoring carried by the power Internet of Things are 
characterized by strong load periodicity, significant burst 
characteristics, and strict service reliability requirements. 
Containerization and cloud native have become the mainstream 
trends in power business deployment (Tang, et al. 2024; Poojitha 
& Ravindranath. 2025; Neugebauer, et al. 2026). However, 
Kubernetes' native HPA and VPA scheduling strategies have 
problems with elastic scaling lag and lack of coordination in 
horizontal and vertical scheduling. Traditional static resource 
allocation and general elastic scheduling solutions are difficult 
to efficiently utilize cluster resources and optimize system 
energy consumption while ensuring the quality of power 
business services (Aruna, Pradeep. 2024; Petrosyan, 2025). This 
has become a key bottleneck in the dynamic management of 
cloud-native infrastructure resources in the power industry. 

Based on this research background, the study constructs a 
mixed integer programming model with the goal of minimizing 
service response time, resource fragmentation rate and system 
energy consumption based on the multi-constraint 
requirements of power business container scheduling. A HPALF 
hybrid elastic scaling strategy integrating Bi-LSTM load 
prediction is proposed. A SA-DPSO hybrid optimization 
algorithm is designed, aiming to achieve intelligent elastic 
scheduling and multi-objective optimization of container 
resources in a power environment. 

The experimental results verify the effectiveness and 
superiority of the proposed method. In terms of elastic 
scheduling effect, the HPALF strategy controlled the average 
service violation rate to 0.03%, which was significantly lower 
than the 8.55% of VPA. The cluster memory utilization 
increased to 86.63%. The CPU and memory resource requests 
were significantly lower than those of HPA and IDQN, 
effectively improving service quality and resource utilization. In 
terms of multi-objective optimization performance, the average 
energy consumption of the SA-DPSO algorithm was reduced to 
16,047kJ, which was 18.6% and 22.3% lower than that of SD-
MOGWO and MOSOA, respectively. The average application 
response time was only 0.45s, and the cluster balance was 0.14, 
collaboratively optimizing energy consumption, response 
efficiency and load balancing. This scheduling framework 
provides technical support for operating smart grids under the 
high proportion of renewable energy grid integration. 
Accurately predicting the output fluctuations of new energy 
sources such as wind and solar energy, and dynamically and 
flexibly dispatching container resources can ensure low-latency 
and high-reliability operation of new energy consumption, 
source grid load storage collaborative control and other 
services. Simultaneously, reducing data center energy 
consumption and carbon emissions helps achieve the carbon 
emission reduction goals of the power system, provides efficient 
resource scheduling solutions for sustainable energy 
management of smart grids, and supports the green and low-
carbon transformation of the new power system. The algorithm 
overhead and scalability showed that in a large-scale scenario 
of 2,000 Pods, SA-DPSO had far lower time and space overhead 
than those of the comparison algorithm, and the CPU utilization 
and service violation rate attenuation rate were only 4.5% and 
3.2%. Parameter sensitivity analysis showed that the algorithm 
was overall robust to core parameters. Moderate performance 
fluctuations only occurred when the SA cooling rate was 
reduced by 20%. It can adapt to dynamic changes in power 
business loads without fine-tuning parameters, and has 
engineering practicality. From the perspective of carbon 
reduction potential, based on the data center energy 
consumption and grid carbon emission factor (0.58 
tCO2/MWh), this plan reduced energy consumption by 22.3%, 
corresponding to an annual emission reduction of 
approximately 128.6 tCO2/10,000 cores, directly contributing to 
the "dual carbon" goal of the power industry. This quantitative 
evaluation clarifies the contribution of scheduling optimization 
to sustainable infrastructure and enhances its relevance to 
renewable energy journals. At the engineering level, this 
framework can be directly deployed on the power cloud 
platform to support renewable energy grid integration and 
smart grid scheduling. However, there is a trade-off between a 
slight increase in scheduling latency and an increase in 
computing power overhead under large-scale nodes, which 
needs to be alleviated through edge collaborative deployment. 
From the perspective of energy sustainability, its low-energy 
scheduling directly reduces data center carbon emissions, helps 
the low-carbon transformation of the power system, and 
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provides feasible resource optimization solutions for high 
proportion renewable energy power infrastructure. 

In summary, the research provides an effective method for 
flexible scheduling of container resources in the power industry, 
but there are still certain limitations. The load prediction is only 
for the CPU and memory dimensions, and does not consider 
key indicators such as network bandwidth and storage IO. In 
the future, the multi-dimensional load sensing model can be 
expanded and combined with the differentiated service level 
requirements of the power business to further improve the 
accuracy and adaptability of the scheduling strategy. 

6. Conclusion 

In view of the periodic and sudden load characteristics and high 
reliability requirements of the power business, to solve 
traditional container scheduling strategy lag, inefficient 
resource utilization, etc., a mixed integer programming model 
was constructed with the goal of minimizing service response 
time, resource fragmentation rate, and system energy 
consumption. An HPALF hybrid elastic scaling strategy 
incorporating Bi-LSTM load prediction was designed. A SA-
DPSO hybrid optimization algorithm was proposed to 
intelligently schedule power container resources. Experimental 
results showed that the HPALF strategy reduced the average 
service violation rate to 0.03%, increased the cluster memory 
utilization to 86.63%, and the CPU and memory resource 
requests were significantly lower than those of the comparison 
methods. The average energy consumption of the SA-DPSO 
algorithm reached 16047kJ, and the average application 
response time was only 0.45s. Compared with similar 
algorithms, it achieved energy consumption and response 
efficiency. This algorithm has low overhead, strong scalability, 
and strong robustness to core parameters. Only moderate 
performance fluctuations occur when the SA cooling rate is 
slightly adjusted. The above results show that the scheduling 
strategy and optimization algorithm effectively realize the 
elastic scheduling and multi-objective optimization of power 
container resources, providing theoretical methods and 
practical reference for dynamic resource management of cloud 
native infrastructure in the power industry. 
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