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Abstract 
One major problem data centres face is energy management. Energy bill makes the data centre business very expensive to run. Prior knowledge 

of the energy usage of a data centre is critical in making more informed decision. A comparative analysis of algorithm from different domain 

will give more insight into the usability of the algorithms in forecasting data centre energy consumption. 

Dataset was generated from EnergyPlus simulation platform based on the information from a live data centre. The algorithms considered were 

ARIMA, SVR and LSTM. These algorithms were compared to determine an optimal algorithm using five (5) performance evaluation metrics 

and the metrics are MSE, RMSE, MAE, MAPE and Accuracy.  

LSTM has the lowest MSE value of 0.016 while SVR and ARIMA had 0.49 and 0.874 respectively. LSTM is the best performing algorithm 

based on RMSE metric with a value of 0.126 while SVR and ARIMA had 0.220 and 0.935 respectively. For MAE metrics, ARIMA has a score 

of 0.623, SVR has a score of 0.071 and LSTM has a score of 0.036. Therefore, LSTM has the best performance, followed by SVR and then 

lastly ARIMA. For MAPE, ARIMA has the value of 0.44, SVR has the value of 0.39 and LSTM has a value of 0.12. Therefore, LSTM has the 

best performance based on MAPE metrics, followed by SVR and ARIMA. ARIMA has an accuracy of 56%, SVR has accuracy value of 61% 

and LSTM has an accuracy value of 88%. Therefore, based on accuracy, LSTM is the best algorithm followed by SVR and then ARIMA. The 

LSTM algorithm was considered to be the best performing algorithm as it had the highest accuracy value and lowest error values. 
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1.0 INTRODUCTION 

Data centres are powerhouses of most organizations; they are 

the lifeline that the keeps the world of digitalization moving [7].  

Most businesses have gone global, with data being as often as 

possible used and shared. Due to this, data has gotten to be one 

of an organization’s valuable assets and it must be well 

protected. Organizations depend greatly on data centres [14]. 

 

One major problem data centres encounter is energy 

management. Energy management is particularly critical for 

data centres as energy cost is on continuous rise and a good 

energy management depends on detailed energy usage 

information [8]. 

The amount of energy we use keep growing and with that 

comes greenhouse gas emission [5]. Energy efficiency has 

become an important concern in the design and management of 

data centres. Data centre administrators in their daily operations 
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need to understand the power usage patterns to maximize their 

energy efficiency. Physical power estimation only is not 

sufficient, as they cannot forecast future power usage. Power 

consumption forecast plays a vital role as it gives more insight 

on the factors that causes energy demand and provides the basis 

for better decision-making in power system planning and 

operation. 

In a data centre, electrical power is used to operate Information 

and Communications Technology (ICT) equipment and its 

supporting facilities. [15] noted that about 50% of electrical 

energy is consumed by IT equipment, which includes servers, 

storages and networks. Cooling takes about 37% while the 

remaining power is used by other facilities including Power 

Distribution System (PDS), Uninterruptible Power Supply 

(UPS), lights and so on. 

These data centres’ energy usage and costs are becoming 

unacceptably high, and placing a great burden on both energy 

resources and the environment [16]. 

Gartner estimates that ongoing power costs increase at least 10 

percent every year because of cost per kilowatt-hour (kWh) 

increments in underlying demand, particularly for high-power 

density servers [10]. Energy represents a large fraction of the 

operational expenses of a data center, and data center operators 

are increasingly keen on pushing towards low-power designs 

[3]. Even with innovative advancements in sustainable energy 

solutions, the truth is that both big and small data centres use a 

lot of energy [13]. 

It is of great importance to achieve the forecast of data centre 

energy consumption. This study intends to compare the 

forecasting algorithms to determine the optimal algorithm for 

building a data centre forecasting model and tool, that will help 

reduce data centre energy consumption, and in turn, reduce 

operational cost and environmental impact. 

A number of approaches, as reported in literatures, have been 

applied in forecasting data centre energy consumption. With 

the ongoing advancements in the use of machine learning for 

forecasting, a number of studies have considered using the 

machine learning approach in predicting the power 

consumption of data centres. However, the studies from 

literature have used either deep learning, neural network or 

other machine learning approaches and none to the best of our 

knowledge evaluates the performance of algorithms for data 

centre energy consumption from different domain. Therefore, 

comparing a statistical algorithm like Autoregressive 

Integrated Moving Average (ARIMA) with machine learning 

algorithm like Support Vector Regression (SVR) and Deep 

learning Long Short Term Memory (LSTM) sequence 

algorithm will offer more insights into the usability of these 

algorithms.  

Methodology Overview 

In order to accomplish the stated objective, the following 

methods were employed:  

Data centre simulation was built using EnergyPlus simulation 

software. Information was gathered from one of the leading 

data centre located in Lagos, Nigeria. The information from the 

data centre informed the simulation. 
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The selected algorithms are ARIMA time series algorithm, 

Support Vector Regression forecasting algorithm and Deep 

learning Long-short term memory (LSTM) sequence 

algorithm. ARIMA was considered because this study is using 

Time Series dataset and ARIMA is a time series algorithm to 

predict future trends. It is very popular with forecasting 

problems. Support Vector Regression is a good machine 

learning algorithm with good reports from literatures while 

LSTM is a good algorithm that can be used as forecasting 

algorithm when talking about deep learning because of its 

recurrent architecture and ability to solve the long term 

dependency problem. 

 A comparative analysis of the three algorithms specified above 

was carried out to determine the optimal algorithm. The 

performance of the algorithms was evaluated based on five 

performance metrics: Mean Squared Error (MSE), Mean 

Absolute Error (MAE), Root Mean Squared Error (RMSE) 

Mean Absolute Percentage Error (MAPE) and Accuracy. 

2.0 REVIEW OF LITERATURE 

[2] carried out a survey of techniques for Data centres’ energy 

consumption modelling and energy demand forecasting. They 

discovered that IT equipment and facility infrastructure  

majorly consume energy. They also classified known existing 

machine learning techniques for forecasting data centre energy 

usage. They concluded that most of the studies focused mostly 

on energy effectiveness of lower hardware levels of data 

centres and less on higher aggregated levels which is needed 

for demand response programs. [21] focused on using control 

knobs that modulate the power consumption of I.T equipment 

in a data centre. The study proposed a hierarchical optimization 

framework and a suite of algorithms for the upper layer of the 

hierarchical framework. Both Empirical and experimental 

approaches were adopted for the study.  Employing control 

knobs for data centre utility bill optimization is complex and 

remains difficult. Moreso, [24] came up with a power 

optimization strategy (PowerNets) that leverages workload 

correlation analysis to jointly minimize the total power 

consumption of servers and data centre networks. The network 

topology used in this experiment was fat-tree topology and this 

makes it difficult to generalize. [1] identified that there was a 

problem with high energy consumption which has led to high 

operational cost and low efficiency of data centres. The 

objectives were to evaluate the benefit of green energy 

prediction for increasing the data centre job throughput while 

not sacrificing service jobs response time constraints and also, 

to reduce the peak power level of data centres to decrease the 

utility bill. Event-based simulation was used and the study 

proposed approaches to energy efficiency problem of data 

centres from multiple dimensions that are complementary to 

each other. [18] proposed an optimization algorithm called 

Data Centre-wide Energy-Efficient Resource Scheduling 

(DCEERS) for efficient resources scheduling in data centres. 

The DCEERS considers the current workload in the data centre 

before performing scheduling. The whole idea of the algorithm 

is to be sure that the amount of resources usage at a particular 

time is the minimum number of resources required. The 
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challenge is to find the minimum amount of resources required 

at a particular point referred to as the Minimum Cost Multi 

Commodity Flow (MCMCF). The study therefore, applied 

Benders Algorithm the estimate MCMCF. [23] proposed a 

Hierarchical Energy Optimization (HERO) model aimed at 

lowering the algorithm complexity and verifying several 

heuristics algorithms to achieve reduced energy usage. Given a 

DCN topology and a traffic matrix, the possibility of turning 

off some network elements (i.e., routers, switches, and links) 

hierarchically was evaluated without violating the network 

connectivity and QoS constraints. Putting some idle 

components of data center off is good for saving energy and 

cost but it also comes with its challenges. [6] applied Ant 

Colony System (ACS) algorithm to tackle the problem of 

unnecessary energy consumption by idle virtual machines 

which in some cases accounts for 50%-70% of the total server 

energy. 

[17] proposed Holt-Winter forecasting algorithm to tackle the 

issue of forecasting the energy usage of future data centres. The 

Holt-Winter algorithm that is based on time series uses 

seasonality to make predictions. The proposed approach was 

compared with the traditional approach being used currently in 

literature in order to give the optimal forecasts. The result 

shows that the proposed approach outperforms similar 

algorithms proposed in literature, with highly variable 

workloads which is particularly of interest for future data 

centres. Nevertheless, a full comparison against well 

established forecasting algorithms will determine the 

generalization of this method.  

[11] approached energy efficiency and infrastructural 

performance of data centres based on the accuracy of efficiently 

mapping requests with the physical infrastructure using virtual 

machine algorithm. The algorithm combined greedy strategy 

with limited search so as to assign virtual machines to 

computers nodes and physical data storage systems to storage 

servers and map virtual machines and virtual data storage 

physical resources obtained. 

[9] followed three stages in addressing data center 

effectiveness: Stackelberg bargaining approach, adoption of 

Modified Thomson Bargaining Solution and conduction of 

simulation analysis. The Studied employed RKSBS (Raiffa 

Kalai Smorodinsky Bargaining Solution) and MTBS. These 

methods were used to determining the best dynamic energy 

pricing strategy and simulation analysis to verify the superiority 

of the first two phases whose results proved effective and 

feasible. 

3.0 PERFORMANCE EVALUATION OF ALGORITHMS 

Data center simulation was built with EnergyPlus simulation 

software. Information like the temperature maintained (for 

different weather conditions), list of equipment, type and 

number of cooling systems, the total energy consumed monthly 

etc. were gotten from a real data center and this informed the 

simulation. The energy consumption log file generated from the 

data center simulation was split based on the 80:20 hold out 

rule.  
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Performance evaluation of the forecasting algorithms was 

carried out to determine the optimal algorithm for data centre 

energy consumption forecast. The algorithms are 

Autoregressive Integrated Moving Average (ARIMA), Support 

Vector Regression (SVR) and Long Short Term Memory 

(LSTM). The choice of these algorithms were based on type of 

data available for this study and how well they perform. 

ARIMA was considered because the dataset for this study is a 

time Series dataset and ARIMA is a traditional statistical time 

series algorithm used to predict future trends. It is very popular 

with forecasting problems. Support Vector Regression is one of 

the machine learning algorithm used to fit data for forecasting 

and also has good reports from literatures. Deep learning is 

highly valuable in the energy sector as the algorithms is suited 

for large dataset and LSTM is a recurrent deep learning model, 

which means it has the ability to remember what has happened 

previously and therefore makes it a usable algorithm for energy 

forecast.  

A comparative analysis of the algorithms was carried out to 

determine the optimal algorithm. The performance of the 

algorithms was calculated based on five performance metrics:  

1. Mean Squared Error (MSE) 

2. Mean Absolute Error (MAE) 

3. Root Mean Squared Error (RMSE) 

4. Mean Absolute Percentage Error (MAPE)  

5. Accuracy. 

MAE is calculated as: 

E = 
1

𝑛
∑|𝑥 − 𝑥|               Equation (1) 

 

Where x is the value from the testing data, 𝑥is the value 

derived from the model and n is the total count of validation 

data. 

 

RMSE on the other hand is calculated as below: 

E =√
1

𝑛
∑(𝑥 − 𝑥)2                    Equation (2)                                                           

 

MSE is calculated as :  

E = 
1

𝑛
∑(𝑥 − 𝑥)2                       Equation (3)                                                          

 

MAPE is calculated as : 

E = 
1

𝑛
∑ |𝑥 − 𝑥| 𝑥⁄                           Equation (4)                                                         

 

A lower value of MAE, MSE, MAPE and RMSE will equate a 

better model. 

 

Accuracy on the other hand is calculated as 

   Accuracy = (1 − MAPE) × 100         Equation (5)                                             

 

Unlike other metrics, a higher accuracy value indicate a better 

model. 

 

Algorithm comparison using MSE 

MSE estimates the error between the actual test value and the 

predicted value. The lower the value of MSE the better the 

performance of the algorithm. Table 1 shows that LSTM has 

the lowest MSE value of 0.016. Therefore, based on MSE 

metrics LSTM performs better than the other two algorithms 
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and ARIMA has the worst performance out of the three 

algorithms.   

TABLE 1: Comparison Table for MSE Metrics 

 

 

 

Algorithm comparison using RMSE 

RMSE is the square root of MSE value, and it tries to remove 

the effect of the square operation on the MSE value. Like the 

case of MSE, the lower the RMSE value the better the 

performance of the algorithm. Table 2 shows the RMSE score 

for each of the algorithms. From the table, LSTM has the lowest 

RMSE value; therefore, LSTM is the best performing 

algorithm based on RMSE metric with a value of 0.126. The 

second best algorithm is SVR with a value 0f 0.220 while the 

worst performing algorithm is ARIMA with a score of 0.935. 

  

TABLE 2 Comparison Table for RMSE Metrics 

 

 

 

 

 

 

Algorithm comparison using MAE 

MAE metric measures the absolute error value between the 

predicted value and the actual value.  A low value indicate a 

minimal error between the predicted and the actual value and 

therefore indicate a better performance. ARIMA has a score of 

0.623, SVR has a score of 0.071 and LSTM has a score of 

0.036. Therefore, LSTM has the best performance, followed by 

SVR and then lastly ARIMA. 

 

 

TABLE 3 Comparison Table for MAE Metrics 

 

 

 

 

 

 

 

Algorithm comparison using MAPE 

MAPE measures the absolute ratio of error between predicted 

and actual value where error is the difference between the 

predicted and actual value.  Like all the previously mentioned 

metrics, a low value indicate a better algorithm. ARIMA has 

the value of 0.44, SVR has the value of 0.39 and LSTM has a 

value of 0.12. Therefore, LSTM has the best performance based 

on MAPE metrics, followed by SVR and ARIMA. 

 

 

 

 

 

Algorithm MSE score 

ARIMA 0.874 

 

SVR 0.049 

LSTM 0.016 

 

Algorithm RMSE Score 

ARIMA 0.935 

SVR 0.220 

LSTM 0.126 

 

Algorithm 

MAE Score 

ARIMA 0.623 

SVR 0.071 

LSTM 0.036 
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TABLE 4 Comparison Table for MAPE Metrics 

Algorithm MAPE Score 

ARIMA 0.44 

SVR 0.39 

LSTM 0.12 

 

 

Algorithm comparison using ACCURACY 

Accuracy measures how well the algorithm can predict the 

value. However since this is not a classification problem. 

Accuracy is calculated as (1-MAPE) *100 and unlike other 

metrics, a higher value indicate a good algorithm. ARIMA has 

an accuracy of 56%, SVR has accuracy value of 61% and 

LSTM has an accuracy value of 88%. Therefore, based on 

accuracy, LSTM is the best algorithm followed by SVR and 

then ARIMA.        

 

 

TABLE 5 Comparison Table for Accuracy 

 

 

 

 

 

 

 

 

 Algorithm comparison summary 

Table 6 shows the summary of the algorithms based on the five 

metrics.  LSTM performed better based on the five metrics. 

Therefore, LSTM was selected as the best performing 

algorithm. 

 

Table 6 Metrics value for the three Algorithms 

 

 

 

 

Fig. 1: Graph showing the performance of the three 

algorithm. 

 

4. 0 FUTURE WORK 

Future work will include developing a model based on the 

optimal algorithm which in this case, is LSTM algorithm. The 

model that will be developed will further be utilized to produce 

a data center energy forecast tool. The forecast model/tool will 

be evaluated with existing models/tools. 

Algorithm Accuracy (%) 

ARIMA 56% 

SVR 61% 

LSTM 88% 
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RMSE 0.935 
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0.071 0.036 

MAPE 0.44 0.39 0.12 
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5.0 CONCLUSION 

To determine the optimal algorithm, the test data was used. 

Some performance metrics were used to compare the 

algorithms. The algorithms considered were ARIMA, SVR and 

LSTM. The performance metrics used for the evaluation 

are MSE, RMSE, MAE, MAPE and Accuracy. LSTM 

recorded the highest accuracy and lowest error values followed 

by SVR and ARIMA respectively. The result from this study  

gives more insight into the usability of the selected algorithms 

for energy forecast in a data center. 
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