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 Cloud computing platforms face a massive demand for resources, which 
is typically volatile and unpredictable, and require accurate and scalable 
prediction techniques to assure appropriate resource allocation and service 
continuity in such environments. Cloud workloads' increasing variability 
and complex nature render traditional resource management inefficient 
since traditional prediction models mostly use static parameters. In this 
study, a Transformer-GRU-BiLSTM, which is called an Ensemble model 
for Workload Prediction, is presented with the combination of TransGRU-
BiLSTMNet (TGBNet) multiple DL models (Gated Recurrent Unit 
(GRU), Bi-directional LSTM (BiLSTM) and Transformer-based 
architectures) to handle the accurate and complex workload patterns. The 
weighted average and meta-learning methods are applied in ensemble 
models to enhance the generalization and stability of workload changes. 
Experimental results based on extensive empirical studies over real-world 
public and private cloud workload datasets show that our integrated 
ensemble model not only yields better prediction accuracy compared to a 
set of individual deep learning (DL) models and traditional statistical 
methods but also possesses better scalability and time complexity. The 
study is one of the first to propose ensemble deep learning (DL) for 
proactive resource management in cloud environments, enabling better 
workload distribution and reduced computational costs. 
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1. INTRODUCTION 
The evolution of cloud computing has transformed how businesses and individuals handle data, applications, 
and services, offering scalable, on-demand access to computing resources. But, as we increasingly depend on 
cloud-based infrastructure, the challenge to maintain optimum resource utilization, performance, and 
reliability has become severe. Load Balancing: One of the central mechanisms to deal with these challenges 
is load balancing. Load balancing in cloud computing refers to distributing workloads and computing 
resources across multiple nodes so that no single resource is overwhelmed. It prevents individual systems 
from being overwhelmed with requests, thus ensuring better performance, lower latency, and excellent overall 
system reliability.  
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In cloud computing, the allocation of cloud computing resources effectively manages the work load at server 
level. To overcome this scalable and flexible cloud infrastructures continue to rise, effective load balancing 
strategies are essential in ensuring optimal performance and resource utilization. Load balancing is defined 
as the evenly distribution of workloads across a group of servers (VMs) to ensure no underutilization and no 
overload of any VM server to provide efficient processing and to minimize the overall latency of services. 
The variability of workloads is one challenge to effective cloud-based load balancing, as an increase in 
demand can create bottlenecks, lowered system efficiency, and greater operational expenses. Traditional load 
balancing algorithms are either static or work based heuristically which do not adapt well to changing 
workloads. To confront those restrictions, predictive load balancing mechanisms were proposed, that rely on 
machine learning and optimization techniques in order to predict workload variations and allocated resource 
effectively. 
Workload prediction is essential for optimizing resource management, improving system efficiency, and 
ensuring seamless operations in new-generation computing environments. Predicting workloads accurately 
allows organizations to proactively plan for resource allocation, reduce latency, and improve the user 
experience. Conventional workload forecasting methodologies usually use statistical and rule-based models, 
often failing to cope with the current workloads' dynamic and complicated nature. DL has recently been 
established as a strong candidate for workload prediction because the approach can learn different patterns 
from past data and adapt to new dynamics. The proposed model combines several DL models, such as gated 
recurrent unit (GRU), bi-directional LSTM (BiLSTM), and transformer-based model, which are capable of 
finding both temporal dependencies and complex workload patterns. 

 
Figure 1: Cloud Workload Prediction Steps 

2. LITERATURE SURVEY 
Dornala et al. [11] designed a unique quantum-based approach named quantum fault-tolerant load-balancing 
(QFT-LB) based on quantum computing properties such as quantum superposition, entanglement, and 
Grover’s search algorithm to maximize task allocation. It utilizes quantum-inspired techniques embedded into 
classical cloud computing architectures to provide efficient resource allocation and minimize computational 
cost, as well as fault-tolerant implications for QC. Experimental results show that QFT-LB outperforms 
classical load-balancing strategies in execution time reduction, resource utilization improvement, and fault 
recovery mechanism improvement. Experiments showed that QFT-LB reduced task execution time by 18% 
compared to traditional Round-Robin and Least Connection algorithms. Resource usage was improved by 
25% which optimized workload distribution on virtual machines (VMs). Results show that our proposed 
model managed such node failures with 30% faster recovery time compared to classical fault-tolerant 
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techniques. Ponnapalli et al. [12] proposed a new version of a Triple-Tap Hybrid Load Balancing (TTHLB) 
system for health monitoring scenarios. To achieve this objective, TTHLB combines three critical mechanisms 
of Predictive Load Distribution (PLD), Dynamic Resource Allocation (DRA), and Adaptive Fault Tolerance 
(AFT) to improve system performance and resilience. A machine learning-based predictive analytics scheme 
is introduced in the proposed model to forecast workload, which suggests distributed servers are utilized more 
efficiently. Extensive simulation and real-world deployment results illustrate substantial enhancements in 
response time and throughput in addition to improved computational efficiency of TTHLB over existing load 
balancing approaches. TTHLB outperformed round robin and weighted least connection algorithms by 32% 
in response time. It provided even load distribution across servers, which minimized bottlenecks and 
improved processing speed by 28%. Ruan et al. [13] introduced Cloud Feature Enhanced Deep Learning 
(CFEDL) model which fuses time-series forecasting with deep learning techniques to achieve effective 
workload turning point identification. The new model employs vital cloud-driven elements, such as CPU 
speed, RAM usage, network data exchange, and input/output sequences to improve the accuracy of 
predictions. The CFEDL model captures characterization of both short-term fluctuations as well as long-term 
dependencies in workload patterns using Long Short Term Memory (LSTM) networks and attention 
mechanisms. Using real cloud workload datasets for experimentation, we show that our method is far beyond 
traditional machine learning model in terms of the detection accuracy and robustness for the turning point of 
workload. Results: Our proposed CFEDL model provides an F1-score of 92.5% and RMSE reduction of 18% 
over the baseline methods. Compared with traditional models, like ARIMA and Random Forest, CFEDL 
enhances the accuracy of turning point detection by 16.8%. 
Chen et al. [14] introduced a deep learning-based solution to enhance the accuracy of workload prediction in 
dynamic cloud surroundings. In particular, we utilize a hybrid model that combines LSTM networks with 
Transformer-based architectures to effectively capture both temporal dependencies and intricate feature 
interactions. Extensive experiments on realistic cloud workload datasets show that our model improves 
prediction accuracy and robustness compared with traditional statistical and machine learning methods. The 
acquisitions indicate that our joint LSTM-Transformer model's RMSE is 12.3, far below ARIMA models' 
18.7 RMSE and standard LSTMs' 15.2 RMSE. Furthermore, our model can achieve 9.5 MAE, which is 23% 
reduction compared to the baselines of deep learning methods. Additionally, our method has an R² score of 
0.89, highlighting excellent predictive power and capability to be reliable in capturing workload variations. 
Feng et al. [15] contributed a novel approach for dynamically controlling forecasting window at the cost of 
temporal locality resulting in enhanced prediction accuracy. FAST uses deep learning models (LSTMs and 
attention-based methods) as they account for short-term changes and long-term dependencies present in cloud 
workload traces. Moreover, adaptive sliding window mechanism helps the model to remain sensitive to the 
fluctuations of the workloads, and time locality integration component brings an advanced perspective on the 
feature selections thereby weighing the more recent workloads with greater importance. FAST obtained a 
MAPE of 4.2% and RMSE of 12.8, being superior to traditional models such as ARIMA (MAPE: 7.1%) and 
LSTM (MAPE: 5.6%). The dynamic window boosting achieved approximately 15% higher forecasting 
accuracy over fixed-window methods. Capturing recent workload patterns for increased emphasis also led to 
significant improvements in the reliability of short-term predictions, with a 20% decrease in errors during 
sudden spikes in workload (in terms of actual counted errors). 
Zhao et al. [16] introduced a new DL framework named Time-Frequency Enhanced Gated Recurrent Unit 
(TFEGRU) that combined time-frequency analysis with attention-based GRU model. In the proposed method, 
WT is utilized for frequency features extraction followed by fusion with temporal features learnt by GRU. 
Moreover, a Motivation of Attention Mechanism further enhances the feature selection by giving priority to 
the critical patterns of cloud workload sequences. Through experimental evaluations on real-world cloud 
workload datasets, we show that TFEGRU outperforms conventional GRUs, LSTM, and other baseline 
models in terms of prediction accuracy, robustness, and adaptability. TFEGRU shows an RMSE decrease of 



     ISSN: 2096-3246 
Volume 58, Issue 02, June, 2026 

 

577 
 

more than 15% and MAE enhancement of 12% compared to cutting-edge techniques according to our results 
making it an promising technique for intelligent cloud resource management. Kim et al. [17] CloudInsight 
was proposed as a framework for predictive analytics to predict cloud application workloads and proactively 
adjust resources. Thus, CloudInsight uses modern techniques in machine learning like LSTM networks and 
Auto-Regressive Integrated Moving Average (ARIMA) models to analyze historical workload patterns and 
predict future demand accurately. By localising real-time monitoring and incorporating adaptive scaling 
mechanisms, the framework allows cloud service providers to explore over-provisioning and under-
utilization challenges. We validate the system with experimental evaluation on a collection of existing real-
world cloud workload datasets, which show that CloudInsight can significantly improve predictability and 
reduce cloud operational costs. LSTM-based model recorded an MAE of 5.2%, and an RMSE of 7.8%; both 
measurements significantly lower than traditional time-series models such as ARIMA: MAE of 8.4; RMSE 
of 11.6. Kim et al. [18] presented an improved framework for cloud workload forecasting based on an 
ensemble learning technique to more effectively predict long term requests, integrating methods to handle 
anomalies. We use a strong anomaly detection mechanism to detect and remove outliers before training 
forecasting models in the proposed framework. Moreover, the proposed model employs an ensemble learning 
technique by leveraging various deep learning models—including LSTM, GRU, and TCN—to capture the 
intricate temporal dependencies and multivariate relations. Evaluation experiments using real-world cloud 
workload datasets show that the proposed framework achieves notable lower MAE and RMSE than the 
baseline models. When the hybrid ensemble model that combines LSTM, GRU, and TCN models was used, 
MAE and RMSE were reduced by 12.3% and 14.7%, respectively, in other words, the model outperformed 
the individual models. Our model's MAE and RMSE were 0.065 and 0.089 respectively, significantly better 
than ARIMA and single deep learning models. 
3. DATASET DESCRIPTION 
In this context, two datasets are used to assess algorithm performance: Azure Public Dataset, which includes 
the AirSim simulation dataset for simultaneous localization and mapping (SLAM), and Bitbrains Dataset 
(D2). D1 is a Microsoft Azure dataset that includes historical virtual machine (VM) utilization patterns. D2 is 
a cloud trace dataset that displays CPU and memory utilization for a collection of virtual machines in a 
distributed environment. The DS1 is the simulation dataset which is quite large for making possible all sorts 
of data processing, contains time-series telemetry data like CPU/GPU utilizations, memory usages and sensor 
readings. Bitbrains Dataset (D2) supports research on the prediction of workloads running on a cloud system, 
optimization of cloud resources and anomaly detection through a set of real-life VMs traces. It knows cloud 
workloads, including CPU, memory, disk and network utilization. It may identify trends in resource usage 
over periods. The client's requirement is to run 5 Virtual Machines (VMs) at the server level to run these two 
datasets. The data in DS1 contains 10lakh traffic data and DS2 uses the 10lakh data each.  

 
Figure 2: AirSim Dataset (DS1) used for Experiments 
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Figure 3: Bitbrains Dataset (D2) used for Experiments 

TransGRU-BiLSTMNet (TGBNet) multiple DL models (Gated Recurrent Unit (GRU), Bi-directional LSTM 
(BiLSTM) and Transformer-based architectures) 
Workload prediction is critical in optimizing resource allocation, reducing latency, and enhancing system 
efficiency in cloud computing and edge infrastructure. The data also shows each service's dynamic and 
complex workload pattern in and out of the traditional workload prediction model. This reinforces the 
requirement of robust deep learning-based approaches. In this paper, an ensemble approach, TGBNet, for 
workload prediction combines three different deep architectures, namely, Transformer, GRU, and BiLSTM, 
in the form of an ensemble to counter the drawbacks of every single architecture. TGBNet leverages the 
benefits of various component models to enhance predictions. The Transformer module captures long and 
global attention, letting the model understand patterns over longer time horizons. The GRU component also 
adeptly processes sequential data, alleviating the fading gradient problem associated with RNNs, which is 
beneficial for processing periodic workload characteristics. Here, the BiLSTM module improves contextual 
learning by adding bidirectional dependencies, allowing accurate forecasting using past and future workload 
information.  
When applied to high-dimensional workloads, this ensemble approach can also help manage the variability 
and complexity of workloads modeled from real-world applications, like autonomous vehicles in AirSim 
datasets, cloud-based services, and data-centric computing environments. By integrating these deep learning 
models, TGBNet proposed a profound approach to enhance task load prediction accuracy, thus aiding in 
efficient decision-making regarding cloud-based resource scheduling. Therefore, in this study, we seek to 
apply TGBNet to workload prediction and compare its performance to existing state-of-the-art models. It is 
then used to explore multi-faceted training in such a practical domain. Our results show that TGBNet has 
significant potential to improve the accuracy of workload prediction, establishing a scalable and adaptive 
workload predictive model for future workload management systems. Finally, the proposed approach shows 
the following equations: 
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Figure 4: System Architecture for TransGRU-BiLSTMNet (TGBNet) 

Step 1: Update gate: In this step, the previous hidden state is retrieved as: 
z୲ = σ(W୸a୲ +  U୸h୲ିଵ + b୸) 

Where z୲ − update gate vector 
W୸, U୸ − Weight matrices 
a୲ − input at time step t. 
h୲ିଵ − previous hidden state. 
b୸ − bias 
σ- sigmoid activation function. 
 
Step 2: Reset Gate: In this step, it initializes the previously forgotten hidden data: 

r୲ = σ(W୰a୲ +  U୰h୲ିଵ +  b୰) 
Where: r୲- reset gate vector; W୰, U୰ −  weight matrices;  
Step 3: Candidate Hidden State: It measures the new candidate state using the reset gate. 

h෠୲ = tanh (W୦a୲ + U୦(r୲ ⨀ h୲ିଵ) +  b୦) 

Where: h෠୲ Candidate hidden state; W୦, U୦- weight matrices; b୦ bias; ⨀ − element wise multiplication. 
Step 4: Final Hidden State Update: In this step, the previous hidden state and candidate state utilizing the 
update gate: 

h୲ = z୲ ໂ h୲ିଵ +  (1 − z୲) ໂ h෠୲ 

These equations also enable GRUs to learn temporal dependencies that may be present in cloud workload 
prediction, therefore being suitable for predicting required resources in cloud computing environments. 
Step 5: BiLSTM Output: The multiple states collected from GRU are concatenated to form the final hidden 
initialization. 

h୲
୆୧୐ୗ୘୑ = [hሬ⃗ ୲; h⃖ሬ୲] 

Where [;] represents concatenation. 
Step 6: Cloud Workload prediction: 
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 The input a୲ represents the cloud workload metrics such as CPU usage, consumption of memory. 

 The hidden states h୲
୆୧୐ୗ୘୑are passed to a fully connected layer for workload prediction. 

 The final prediction b෠୲ is given by: b෠୲ = Wୠh୲
୆୧୐ୗ୘୑ +  yୠ 

 Where Wୠ 𝑎𝑛𝑑 yୠ  are learnable parameters. 

Using BiLSTM, cloud workload prediction benefits from both past trends and future context, improving 
accuracy over unidirectional models. 
Step 7: Transformer-Based Workload Prediction (TGBNet) 
If using a hybrid Transformer-GRU-BiLSTM (TGBNet), the final prediction can be modeled as: 

b୲ = f୘୰ୟ୬ୱ୤୭୰୫ୣ୰(X୲) +  fGRU(X୲) +  fBiLSTM(X୲) +  ϵ 
Where X୲the input workload is sequence; ϵ- is the prediction error term. 
4. PERFORMANCE METRICS 
Throughput (TP): Tasks or requests the system has successfully processed over a unit of time. High 
throughput also means the load-balancing algorithm is efficient, tightly packed, and well within the limits of 
resource utilization, with no two bottlenecks (during transactions/communication) in one area. 

T =
N

t
 

N-Total number of tasks or requests processed. 
t-Total time taken. 
Latency/Response Time (L): This includes the time it takes to assign a task, execute it, and return a result. 
Lower latency means quicker responses, vital for user experience and real-time use cases. 

L = tୣ୬ୢ − tୱ୲ୟ୰୲ 
tstart- Time when the request is received. 
Tend -Time when the request is completed. 
Resource Utilization (RU): The usage of computing resources (CPU, GPU, memory, bandwidth) Effective 
load balancing avoids under-utilization (waste) or over-utilization (overloading). 

U =
Resource utilized

Total available resource
 × 100 

Accuracy (A): Workload estimation or resource allocation (the accuracy of deep learning models' 
predictions) improved predictions aid decision-making in dynamic resource allocation. 

A =
No of Correct Predictions

Total Predictions
 × 100 

Contribution Score (TGBNet): In this step, the contribution of every sub-model is measured by using the 
following equation such as: 

C୘୰ୟ୬ୱ୤୭୰୫ୣ୰ +  Cୋୖ୙ + C୆୧୐ୗ୘୑ = 1 
5. RESULTS AND DISCUSSIONS 
To evaluate the performance of TGBNet (Transformer-GRU-BiLSTM) for workload prediction, we 
conducted experiments on the AirSim simulation dataset (DS1) and Bitbrains Dataset (D2). The dataset 
consists of workload traces collected under different environmental conditions, including varying CPU/GPU 
utilization, memory usage, and latency metrics. The proposed ensemble model was trained using Adam 
optimizer, with a learning rate of 0.001 and a batch size of 64. The Throughput (TP), Latency/Response Time 
(L), Resource Utilization (RU), Accuracy (A), and Contribution Score (TGBNet) were used to evaluate the 
model's performance. 

Table 1: Shows the performance of several algorithms for 10k tasks for DS1 

Model 
Throughp

ut (TP) 
Latency 
(L) (ms) 

Resource 
Utilization (RU) 

(%) 

Accuracy 
(A) (%) 

Contribution Score 
(CS-TGBNet) 
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GRU 235 165 78 87.3 - 

BiLSTM 242 158 81 88.9 - 

Transformer 260 149 83 90.5 - 
GRU-BiLSTM 

(GBNet) 
275 140 86 92.8 0.82 

Transformer-GRU 
(TGNet) 

290 135 88 94.2 0.88 

TGBNet (Transformer-
GRU-BiLSTM) 

310 126 91 96.4 1 

 
Table 2: Shows the performance of several algorithms for 10k tasks for DS2 

Model 
Throughp

ut (TP) 
Latency 
(L) (ms) 

Resource 
Utilization (RU) 

(%) 

Accuracy 
(A) (%) 

Contribution Score 
(CS-TGBNet) 

GRU 237 165 79 88.1 - 

BiLSTM 250 153 82 90.2 - 

Transformer 268 145 84 92.3 0.81 
GRU-BiLSTM 

(GBNet) 
285 138 87 94.1 0.87 

Transformer-GRU 
(TGNet) 

305 130 90 96.1 1 

TGBNet (Transformer-
GRU-BiLSTM) 

237 165 79 88.1 - 

 

 
Figure 5: Visualization of CPU Usage for TGBNet 
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6. CONCLUSION 
This work provides an ensemble deep learning model TransGRU-BiLSTMNet (TGBNet), which effectively 
integrates Transformer-based architectures with GRU and BiLSTM to accurately and efficiently perform 
workload prediction. While the self-attention of Transformers captures long-range dependencies, GRU and 
BiLSTM can better model sequential patterns and short-termed dependencies in the input data. The 
experimental results show that TGBNet outperforms traditional deep learning models and achieves better 
prediction accuracy with complex and varying workload patterns. The deployment of the model can 
potentially be in the regime of cloud resource optimization, server load balancing as well as intelligent 
scheduling systems since the model can generalize well for different workload scenarios. Future work will 
target further improving the adaptability of the model in rapidly changing environments by involving 
reinforcement learning-based optimization and using federated learning opportunities that allow decentralized 
workloads’ prediction with data privacy and security. Using explainability techniques will also be a great asset 
to interpret the model’s predictions, bringing some transparency and interpretability into the trained model for 
soon-to-come deployment. 
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