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Abstract: This paper introduces DEBI-HPA, an adaptive container auto—scaling method for cloud services
that integrates Bi-directional L.ong Short-Term Memory (BiLSTM) , extreme value theory, and dynamic
utilization ratios. DEBI-HPA dynamically adjusts the number of Pods based on workload changes,
accurately estimates extreme load levels, and adaptively sets target utilization ratios, thereby enhancing
service quality, resource utilization, and cost efficiency. It employs predictive scaling during low—load

periods to anticipate growth and reactive scaling under high loads to ensure efficient resource allocation.
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Experimental results demonstrate that DEBI-HPA outperforms Kubernetes' native Horizontal Pod
Autoscaler (HPA) by increasing resource utilization by up to 30% and reducing costs by up to 47%.
Compared to other predictive scaling methods like ARIMA-HPA and LSTM-HPA, DEBI-HPA
improves resource utilization by approximately 18% and lowers costs by about 37%. Additionally, DEBI-

HPA achieves effective scaling with common prediction models, reducing dependency on model accuracy.

This method offers a novel and robust solution for container auto—scaling in cloud environments.
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Table 2 Total resource usage area for different scaling

strategies under periodic load conditions

BRI 2 B S
HPA 42 930
BiLSTM-HPA 37 200
EVT-BILSTM-HPA 31860

RIFEGHBEATARY BERBEERRESAER
Table 3 Total resource usage area for different scaling

strategies under smooth load conditions

PR 2 B S
HPA 35 520
BiLSTM-HPA 28 620

EVT-BiLSTM-HPA
F4 EIFEELRERPHABTRTAIBY HEEK
B 2R G AEHR

Table 4 Total resource usage area for different

22290

strategies under conditions of

non-periodic load fluctuations

BRI 2 B S
HPA 37 260
BiLSTM-HPA 28 500
EVT-BILSTM-HPA 25 860
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strategy under periodic load conditions
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Fig. 16 Changes in the number of Pods and
corresponding load variations under
different strategies
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Table 5 Average resource utilization and resource
usage area of different models under

periodic load conditions

PR 2 B P BERA AR/ 2 S
HPA 33.54 42 930
ARIMA-HPA 34.50 41730
LSTM-HPA 35.64 39 302
BiLSTM-HPA 38.70 37 200
EVT-BIiLSTM-HPA 45.19 31 860
DEBI-HPA 64.33 22 380

x6 FTEGHBRAARY HEKELHFIER
FMARMEFRSAER
Table 6 Table of average resource utilization and
resource usage area of different models

under smooth load conditions

BB B SRR A AR/ s
HPA 30.81 35 520
ARIMA-HPA 33.07 33090
LSTM-HPA 35.87 30510
BiLSTM-HPA 38.23 28 620
EVT-BiLSTM-HPA 49.09 22290
DEBI-HPA 52.48 20 850

x7 KHMEATHEARABBERAET HEEE
EHFBREFMAEMBTRSAERE
Table 7 Table of average resource utilization and
resource usage area of different scaling
models under conditions of frequent and

non-periodic load fluctuations

BRI Bk YR UER A/ 0 S
HPA 29.78 37 260
ARIMA-HPA 32.42 34 230
LSTM-HPA 33.21 33420
BiLSTM-HPA 38.94 28 500
EVT-BILSTM-HPA 42.91 25 860
DEBI-HPA 48.38 23790
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