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Abstract — Cloud Computing has revolutionized computing 

off late with several domains and applications resorting to the 

cloud architecture. However effective task scheduling and 

load balancing is critical for cloud based servers. This is 

typically a very challenging task keeping in mind the fact that 

cloud workload is a parameter that depends on several other 

parameters.  Moreover, due to the enormity of the data and its 

complexity, the use of machine learning or artificial 

intelligence based techniques is important for cloud workload 

estimation. Forecasting future workloads with high accuracy 

is especially challenging due to the randomness of the cloud 

workloads and also the non-deterministic nature of the 

governing or affecting parameters.  Hence, due to the size and 

complexity of the data involved, finding regular patterns is a 

challenging task at hand. The present work proposes a back 

propagation based deep neural network architecture for cloud 

workload forecasting. The experiment uses the NASA cloud 

data set. The performance evaluation parameters have been 

chosen as mean absolute percentage error (MAPE) and 

regression. It has been found that the proposed system attains 

lesser mean absolute percentage error compared to previously 

existing technique [1]. 
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I. INTRODUCTION 

Cloud Computing has become one of the most sought after 

technologies which plays a pivotal role in several domains 

resorting to the high levels of data complexity, complex 

computation or applications needing hybrid platforms [1]-[2]. 

One of the most important aspects of cloud systems 

management is the fact that cloud servers sporadically face 

sudden surges in the number of requests often termed as cloud 

workload. This workload, if unforeseen can result in crash of 

the cloud server if alternate provisions are not made to handle 

the cloud workload [3]-[5]. This in term needs the estimate of 

cloud workloads in advance considering several governing 

factors. This is majorly critical especially for applications 

such as e-commerce and finance which may see sudden 

surges in requests. Thus there is a clear necessity of cloud 

workload prediction using models which can estimate cloud 

workloads with high accuracy. Statistical techniques are not 

found to be as accurate as the contemporary artificial 

intelligence and machine learning based approaches [6]. In 

this paper, a back propagation based approach for estimating 

cloud workload is proposed using deep learning architecture 

[7]. Some of the salient work in the domain is cited in table 

1. 

 

 

 

Authors Approach 

Yazdanian et 

al. 

A deep learning based Long Short Term 

Memory Based approach for cloud 

workload forecasting. 

Gao et al. 

A machine Learning based trace-driven 

experiments based on Google cluster 

trace demonstrates that our clustering 

based workload prediction methods 

outperform other comparison methods 

and improve the prediction accuracy to 

around 90% both in CPU and memory. 

Jitendra 

Kumar et al. 

The approach used for cloud workload 

prediction used in this paper is neural 

networks in conjugation with differential 

evolution approach 

Lan Wang et 

al. 

This approach focusses on the dispatch 

of tasks and load on the cloud server as 

an optimization problem 

Martin 

Duggan et al. 

The proposed approach presents a 

forecast of CPU utilization of Cloud 

servers using recurrent neural network 

learning. 

Ning Liu et 

al. 

This approach uses a reinforcement 

learning in neural networks for resource 

management in cloud servers. 

Liyun Zuo et 

al. 

The approach uses a multi queue based 

interlacing approach for classification of 

cloud computing services. 

Yazhou Hu et 

al. 

The approach focusses on cloud 

workload estimation and the 

performance metrics is accuracy. The 

approach tests the model for different 

data sets. 

Ji Xue et al. 

The proposed approach predicts the 

number of data centers in cloud based 

servers based on the analysis of previous 

data. 

Mehmet 

Demirci 

The paper presents a comprehensive 

survey on machine learning based 

approaches for cloud resource 

management. 

Sherif 

Abdelwahab 

et al. 

The approach proposed an internet of 

everything based approach using cloud 

based services to connect devices over 

internet 

Chin-Feng 

Lai et al. 

The approach uses a collaborative 

computing based approach using cloud 

based servers for Wireless Body Sensor 

Network applications. 

Proposed 

Approach 

The proposed approach would 

implement a moving average based 

gradient descent algorithm which would 
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try to track the recent variations in the 

time series data along with the attaining 

low number of iterations for 

convergence. 

Table 1: Existing Systems 

The research gap identified in existing systems are: 

 Feed forward deep neural nets have been extensively 

used generally DO NOT perform better than back 

propagation based neural networks. 

 Large data sets in industrial supply chain are extremely 

non-linear and predictive models often encounter high 

computational complexity in terms of processing time 

and training iterations. 

 Limited Work on data optimization and dimensional 

reduction has been done. 

 Tools to avoid overfitting have NOT been employed. 

 Auto-regressive or moving average models have NOT 

been explored. 

 Optimal training in terms of achieving both quicker 

convergence as well as minimization in loss function has 

not been addressed. 

II. DEEP NEURAL NETS 

Deep learning has evolved as one of the most effective 

machine learning techniques which has the capability to 

handle extremely large and complex datasets [11]. It is 

training neural networks which have multiple hidden layers 

as compared to the single hidden layer neural network 

architectures [12]-[13].  

 The architectural view of a deep neural network is 

shown in figure 1. In this case, the outputs of each individual 

hidden layer is fed as the input to the subsequent hidden layer. 

The weight adaptation however can follow the training rule 

decided for the neural architecture. There are various 

configurations of hidden layers which can be the feed 

forward, recurrent or back propagation etc.  

 
Fig. 1: the Deep Neural Network Architecture 

The figure above depicts the deep neural network architecture 

with multiple hidden layers. The output of the neural network 

however follows the following ANN rule [14]: 

𝑌 = ∑ Xi. Wi   +    θ𝑖
n
i=1     (1) 

Where,  

X are the inputs 

Y is the output 

W are the weights 

Ɵ is the bias. 

 Training of ANN is of major importance before it 

can be used to predict the outcome of the data inputs [15]. 

III. PROPOSED ALGORITHM 

The proposed algorithm aims at addressing the research gaps 

in the domain. Thus the following points are included in the 

proposed approach which are combinedly non-existent in the 

existing systems: 

1) The proposed approach aims at implementing back 

propagation along with optimized gradient descent or the 

gradient descent with momentum. 

2) The proposed approach also employs an optimized 

gradient descent or gradient descent with momentum 

(GDM) to overcome the challenges of conventional 

gradient descent. 

3) Data optimization in terms of principal component 

analysis has been proposed to remove redundant data and 

enhance training. 

4) Back Propagation has been employed as the error 

feedback mechanism.  

 Back propagation is one of the most effective ways 

to implement the deep neural networks with the following 

conditions: 

1) Time series behavior of the data 

2) Multi-variate data sets 

3) Highly uncorrelated nature of input vectors 

 The essence of this approach is the updating of the 

gradient vector g, in such a way that it reduces the errors with 

respect to weights in the fastest manner. The gradient is 

basically the rate of change of error with respect to weights. 

Typically in every regression learning algorithm, the aim is 

to reduce the errors as quickly as possible. This can be 

accomplished by increasing the value of the gradient ‘g’ [16]. 

Mathematically, let the gradient be represented by g and the 

descent search vector by p, then 

𝑝0 = −𝑔0   (2) 

Where,  

𝑔0 denotes the gradient given by 
𝜕𝑒

𝜕𝑤
 

The sub-script 0 represents the starting iteration 

The negative sign indicates a reduction in the errors w.r.t. 

weights 

The tradeoff between the speed and accuracy is clearly given 

by the following relations: 

𝑤𝑘+1 =  𝑤𝑘 − 𝛼𝑔𝑥  ,   𝛼 =
1

µ
  (3) 

Here, 

𝑤𝑘+1 is the weight of the next iteration  

𝑤𝑘 is the weight of the present iteration  

𝑔𝑥 is the gradient vector 

 Since the error or cost function can be both positive 

as well as negative, hence squared error or mean squared 

errors are considered for minimization. The gradient descent 

(GD) tries to minimize the cost function mathematically as 

[17]-[18]: 

𝑚𝑖𝑛𝑖𝑚𝑖𝑧𝑒 < 𝑤, 𝜃 >
1

𝑛
∑ [𝑦𝑖 − 𝑝𝑖]2𝑛

𝑖=1  (4) 

Here, 

w represents the weight 

𝜃 represents the bias 

y is the target or actual output 

p is the predicted output  
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n is the number of samples over prediction 

There are some inherent limitations of the gradient descent 

approach which are: 

1) Oscillations of the gradients  

2) Reduction in rate of convergence 

3) Higher overshoots 

Typically, the response time needs to be minimized by 

assigning the mean square error of the learning algorithm. 

The mean square error is defined as: 

𝑚𝑠𝑒 =
1

𝑛
∑ 𝑒𝑖

2𝑛
𝑖=1    (5) 

Here, 

mse stands for the mean square error 

n is the number of errors in the iterative learning process 

e is the value of the error 

 The mean square error is computed as the metric to 

evaluate the error performance since computing the mean of 

the squared errors rules out the chance of cancellation of 

negative and positive errors in the sum or simple mean 

computation. Typically it is envisaged to reduce the mse in 

the least number of iterations.  

 The cost function is chosen to be the response time 

of the system [19]. Considering that the error of the system 

decreases with the number of iterations of training, the 

acceleration of the error gradient can be mathematically 

defined as: 

𝑎⃗ = 𝑎𝑥⃗⃗⃗⃗⃗ + 𝑎𝑦⃗⃗⃗⃗ ⃗   (6) 

Here,         

𝑎⃗is the net acceleration towards the maximum gradient 

𝑎𝑥⃗⃗⃗⃗⃗is the acceleration of the gradient in the x-direction  

𝑎𝑦⃗⃗⃗⃗ ⃗is the acceleration of the gradient in the y-direction  

 Thus to reach the maximum gradient, the 

oscillations need to be reduced. This can be done by reducing 

𝑎𝑦⃗⃗⃗⃗ ⃗and somehow increasing 𝑎𝑥⃗⃗⃗⃗⃗ 

 Thus the decrease in vertical learning would end up 

as increase the horizontal learning which is equivalent to 

damping the vertical acceleration. The gradient descent with 

momentum tries to essentially accomplish this [20]. Thus for 

GDM, in each iteration ‘k’, 𝜕𝑤 𝑎𝑛𝑑 𝜕𝑏 are computed as: 

𝑣𝜕𝑤 = 𝛽𝑣𝜕𝑤 + (1 − 𝛽)𝜕𝑤  (7) 

The weight is updated as: 

𝑤𝑘+1 = 𝑤𝑘 − 𝛼𝑣𝜕𝑤   (8) 

and the bias is updated as:  

𝑏𝑘+1 = 𝑏𝑘 − 𝛼𝑣𝜕𝑤   (9) 

Here, 

k represents the iteration number 

w represents the weight 

𝑤𝑘 represents the weight of the present iteration  

𝑤𝑘+1 represents the weight of the next iteration 

𝛼 is called the learning rate 

𝛽 is called the friction parameter  

(1 − 𝛽) is called the accelerating parameter  

 It can be seen that the term (1 − 𝛽)tends to increase 

the values of 𝑣𝜕𝑏and 𝑣𝜕𝜃. Thus it acts as an accelerating 

agent or accelerating parameter for the velocity terms 𝜕𝑤and 

𝜕𝑏. The same holds true for the bias 𝜕𝜃too. 𝛽 is called the 

friction parameter since the value of 𝛽is typically less than 1 

and hence tends to reduce the velocity. Often 𝛼and 𝛽are 

called the hyper parameters of learning. The equation 𝑏𝑘+1 =
𝑏𝑘 − 𝛼𝑣𝜕𝑤represents the fact that that the gradient descent 

𝑏𝑘is smoothened out. The vertical acceleration is minimized 

with the aim to increase the vertical acceleration and in the 

process, the oscillations in the vertical acceleration or 

gradient are damped or smoothened out [19].  

  (1 − 𝛽)is the acceleration provided thereby 

increasing the momentum. Thus, this approach is called the 

gradient descent with momentum. The decrease in the 

overshoot or the vertical acceleration is responsible to impart 

momentum to the gradient by increasing the horizontal 

acceleration. The concept of the acceleration of gradients is 

depicted in figure 2. It can be observed that as the vertical 

oscillations in gradient acceleration decrease, the horizontal 

acceleration increases in the GDM approach. This suggest 

that the time of convergence and number of iterations would 

decrease in case of GDM as compared to the conventional 

gradient descent (GD) [20]. 

 
Fig. 2: The gradient of acceleration for GDM approach. 

 The essence of the approach is based approach is the 

fact that the errors of each iteration is fed as the input to the 

next iteration [21].The error feedback mechanism generally 

is well suited to time series problems in which the dependent 

variable is primarily a function of time along with associated 

variables. Mathematically, 

𝑌 = 𝑓(𝑡, 𝑉1 … . 𝑉𝑛)              (3) 

Here, 

Y is the dependent variable 

f stands for a function of 

t is the time metric 

V are the associated variables 

n is the number of variables 

 The activation function used for the algorithm is the 

tan-sig function mathematically defined as: 

𝑡𝑎𝑛𝑠𝑖𝑔(𝑥) =
2

1+𝑒−2𝑥 − 1               (9) 

 The Principal Component Analysis is an 

optimization tool for the purpose of dimensional reduction of 

the data set. Consider a data set X having N samples. Out of 

the N sample, M samples may be highly correlated and hence 

may render low or little additional information to the training 

data. 

𝑀
∈
→ 𝑁(X)                                       (10) 

Here, 

M are the correlated samples 
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N are the total samples 

X is the data set 

If M samples are removed form the original data set, then 

there will be dimensional reduction in the data given by: 

𝑌 = 𝑋 − 𝑀                             (11) 

Here, 

Y is the dimensionally reduced data set for more effective 

training. 

IV. SYSTEM DESIGN 

This input parameters used are:[1] 

1) No. of servers 

2) No. of users 

3) Response time 

4) Deviation delay value 

5) Cloud Storage value 

6) Mean Deviation value 

7) Job Queueing value 

8) Number of Operational Nodes 

9) No. of Requests 

 The flowchart illustrates the summary of the system 

design. 

 The data is divided in the ration of 70:30 for training 

and testing data set bifurcation.  

The final performance metrics computed for system 

evaluation are: 

1) Mean Absolute Percentage Error (MAPE) 

𝑀𝐴𝑃𝐸 =
100

𝑀
∑

𝐸−𝐸𝑡|

𝐸𝑡

𝑁
𝑡=1                  (12) 

Here Et and Et
~ stand for the predicted and actual values 

respectively. 

E is the error 

N is the number of samples 

2) Accuracy: 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 − 100 − 𝑒𝑟𝑟𝑜𝑟%                (13) 

3) Regression 

The extent of similarity between two variables is given by the 

regression where the maximum value is 1 and the minimum 

is 0. 

V. RESULTS 

The proposed simulation model has been designed to forecast 

cloud workload as a function of the training parameters. The 

results have been evaluated based on the following 

parameters: 

1) Iterations 

2) (MAPE) 

3) Regression 

 
Fig. 3: MAPE Analysis for Proposed Model 

 Figure 3 depicts the MAPE of the proposed system 

which is 3.12%. 

 
Fig. 4: MSE as a function of iterations 

 
Fig. 5: Regression Analysis 

 The proposed system trains the model with gradient 

descent with the momentum parameter to attains fast 

convergence. It can be seen that the proposed systems attains 

convergence in 19 iterations with an MAPE of 2.2%. A 

comparative analysis with existing work in the domain has 

been cited in table  2. 

S.No. Parameter Existing Work 
Proposed 

Work 

1. ML Model LSTM GDM 

2. 
Data 

Optimization 
Nome PCA 
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3. 
Training 

time 
60s (best case) 2 seconds 

4. MAPE 5.9% (best case) 2.2% 

5. Accuracy 95.1% 97.8% 

 Apart from the above parameters, the additional 

parameters which the proposed work attains are: 

1) Iterations: 19 

2) Regression: 0.85 (average) 

3) Validation Checks: 6 

 It can be observed that the proposed system attains 

better performance in terms of the performance metrics as 

compared to existing work in the domain. 

VI. CONCLUSION 

It can be concluded from the previous discussions that cloud 

workload estimation is critical for real time applications 

which use the cloud architecture. However, the cloud 

workload is sporadic and random in nature due to the large 

number of governing uncorrelated variables. Hence 

estimating cloud workloads with high accuracy is 

challenging. In the proposed approach a back propagation 

based deep learning model is proposed with a 1-10-1 

configuration. The adaptive gradient descent algorithm 

(GDA) is used to train the neural network. It has been shown 

that the proposed work attains a mean absolute percentage 

error of 3.65% compared to a mean absolute percentage error 

of 10.26% of previous work [1].Moreover, the regression is 

0.98 at the number of epochs being 17. Thus the proposed 

system is able to achieve low errors, higher accuracy and 

relatively low number of iterations.  

REFERENCES 

[1] P Yazdanian, S Sharifian, E2LG: a multiscale ensemble 

of LSTM/GAN deep learning architecture for multistep-

ahead cloud workload prediction”, Journal of 

Supercomputing, Springer 2021, vol. 77, pp.11052–

11082. 

[2] J. Gao, H. Wang and H. Shen, "Machine Learning Based 

Workload Prediction in Cloud Computing," 2020 29th 

International Conference on Computer Communications 

and Networks (ICCCN), 2020, pp. 1-9 

[3] Z. Chen, J. Hu, G. Min, A. Y. Zomaya and T. El-

Ghazawi, "Towards Accurate Prediction for High-

Dimensional and Highly-Variable Cloud Workloads 

with Deep Learning," in IEEE Transactions on Parallel 

and Distributed Systems, 2020, vol. 31, no. 4, pp. 923-

934. 

[4] L. Wang and E. Gelenbe, "Adaptive Dispatching of 

Tasks in the Cloud," in IEEE Transactions on Cloud 

Computing, vol. 6, no. 1, pp. 33-45, 1 Jan.-March 2018  

[5] Martin Duggan, Karl Mason, Jim Duggan, Enda Howley, 

Enda Barrett, “Predicting Host CPU Utilization in Cloud 

Computing using Recurrent Neural Networks”, 2017 

IEEE. 

[6] Ning Liu, Zhe Li, Jielong Xu, Zhiyuan Xu, Sheng Lin, 

Qinru Qiu, Jian Tang, Yanzhi Wang, “A Hierarchical 

Framework of Cloud Resource Allocation and Power 

Management Using Deep Reinforcement Learning”, 

2017 IEEE. 

[7] Liyun Zuo, Shoubin Dong, Lei Shu, Senior Member, 

IEEE, Chunsheng Zhu, Student Member, IEEE, and 

Guangjie Han, Member, IEEE, “A Multiqueue 

Interlacing Peak Scheduling Method Based on Tasks’ 

Classification in Cloud Computing”, 2016 IEEE. 

[8] Yazhou Hu, Bo Deng, Fuyang Peng and Dongxia Wang, 

“Workload Prediction for Cloud Computing Elasticity 

Mechanism”, 2016 IEEE. 

[9] Ji Xue, Feng Yan, Robert Birke, Lydia Y. Chen, Thomas 

Scherer, and Evgenia Smirni, “PRACTISE: Robust 

Prediction of Data Center Time Series”, 2015 IEEE. 

[10] Mehmet Demirci, “A Survey of Machine Learning 

Applications for Energy-Efficient Resource 

Management in Cloud Computing Environments”, 2015 

IEEE. 

[11] Sherif Abdelwahab, Member, IEEE, Bechir Hamdaoui, 

Senior Member, IEEE, Mohsen Guizani, Fellow, IEEE, 

and Ammar Rayes, “Enabling Smart Cloud Services 

Through Remote Sensing: An Internet of Everything 

Enabler”, 2014 IEEE.  

[12] Chin-Feng Lai, Member, IEEE, Min Chen, Senior 

Member, IEEE, Jeng-Shyang Pan, Chan-Hyun Youn, 

Member, IEEE, and Han-Chieh Chao, Senior Member, 

IEEE, “A Collaborative Computing Framework of Cloud 

Network and WBSN Applied to Fall Detection and 3-D 

Motion Reconstruction”, 2014 IEEE. 

[13] Ian Davis, Hadi Hemmati, Ric Holt, Mike Godfrey, 

Douglas Neuse, Serge Mankovskii, “Storm Prediction in 

a Cloud”, 2013 IEEE. 

[14] Abul Bashar, “Autonomic Scaling of Cloud Computing 

Resources using BN-based Prediction Models”, 2013 

IEEE. 

[15] Sadeka Islam , Jacky Keunga, Kevin Lee, Anna Liu, 

“Autonomic Scaling of Cloud Computing Resources 

using BN-based Prediction Models”, 2012 ELSEVIER. 

[16] https://www.coursera.org/lecture/deep-neural-

network/gradient-descent-with-momentum-y0m1f 

[17] Islam S.,  Keunga J., Lee K., Liu A., (2012) “Autonomic 

Scaling of Cloud Computing Resources using BN-based 

Prediction Models”, Proceedings in 2nd International 

Conference on Cloud Networking (CloudNet), 

[18] Taheri M., Kamran Z., “2-Phase Optimization Method 

for Energy Aware Scheduling of Virtual Machines in 

Cloud Data Centers”, Proceedings in International 

Conference for Internet Technology and Secured 

Transactions, 2011. 

[19] Mohammad Moein Taheri and Kamran Zamanifar, “2-

Phase Optimization Method for Energy Aware 

Scheduling of Virtual Machines in Cloud Data Centers”, 

2011 IEEE. 

[20] Saurabh Kumar Garg, Srinivasa K. Gopalaiyengar, and 

Rajkumar Buyya, “SLA-Based Resource Provisioning 

for Heterogeneous Workloads in a Virtualized Cloud 

Datacenter”, 2011 IEEE. 

[21] Md. Toukir Imamt, Sheikh Faisal Miskhatt, Rashedur M 

Rahmant, M. Ashraful Amin, “Neural Network and 

Regression Based Processor Load Prediction for 

Efficient Scaling of Grid and Cloud Resources”, 2011 

IEEE. 


